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ABSTRACT 

As Web service technology becomes prevalent, effective discovery becomes more 

important. Discovering Web services using UDDI can be difficult, since the discovery 

mechanism mostly takes into account the syntactic aspect of Web services by providing an 

interface for keyword and taxonomy based searching. Due to this, semantics implied by the 

information provider may not be explicitly represented, leading to possible misinterpretation by 

others. Therefore, in the last several years there has been significant research on semantic web 

service discovery. In this work we analyze and compare four different algorithms for discovery 

in Semantic web services: OWL-S MX, WSMO, MWSDI and TVERSKY. Furthermore, an 

empirical evaluation is given for the last two algorithms. Comparing the former two with the 

latter two is somewhat problematic, since they select services based on two separate criteria.  

The former two use a logic based degree of match that includes a syntactic similarity score in 

some cases, while the latter two produce a single match score based on semantics (although 

syntax is considered as a minor factor). When comparing the TVERSKY Algorithm (property 

based comparison) and MWSDI algorithm  (based on taxonomy and properties), we find them to 



 

 

be in general agreement, although the similarity scores given by the MWSDI algorithm to be 

closer agreement with the human evaluators, but more time consuming. The TVERSKY 

algorithm did better than MWSDI in some cases and performed similar in some cases.   

 

Index Terms—Discovery algorithms, match score, ontology, properties, semantics, 

similarity, syntax, web services. 
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1. I
TRODUCTIO
 

Web service technology has become an ideal choice for businesses and companies for its 

ability to perform in a loosely coupled manner. Web services are software components that 

support interoperable machine-to-machine interaction over a network using standard protocols 

such as Simple Object Access Protocol (SOAP) [1] over Hyper Text Transfer protocol (HTTP) 

[2]. The Simple Object Access Protocol is a lightweight protocol for exchange of information 

among Web Services. The Web Services are described by Web Service Description Language 

(WSDL) [3].  

In the service oriented architecture, Universal, Description, Discovery and Integration 

(UDDI) [4] bridges the link between the service providers and the service requesters. The UDDI, 

serves as repository, that enables service providers to advertise web services and service 

requesters to find and locate web services. Web service discovery [5] is a process of finding 

appropriate services that satisfy the needs of a requester. UDDI supports web service discovery 

based on keyword search and taxonomy based search which can be less effective than desired.  

The Semantic Web provides a common framework that allows data to be shared and 

reused across application, enterprise and community boundaries. The semantic web has given a 

new meaning to web service discovery by adding semantics to the web service descriptions and 

using algorithms or mechanisms to perform semantic matching in addition to syntactic matching 

of web services. Semantic discovery allows the construction of queries using concepts defined in 

a specific ontological domain. By having both the advertisement description and request query 

explicitly declare their semantics, the results of discovery are more accurate and relevant than 
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keyword or attribute-based matching. Adding semantics to Web service descriptions can be 

achieved by using ontologies that support shared vocabularies and domain models for use in the 

service description. Using domain specific ontologies, the semantics implied by structures in 

service descriptions, which are known only to the writer of the description, can be made explicit. 

While searching for Web services, relevant domain specific ontologies can be referred to, thus 

enabling semantic matching of services. 

The basic criteria for semantic web service discovery, is the matching of concepts which 

is achieved by using different match making mechanisms and matching algorithms. The 

matching algorithms determine a match score between requests and services called the match 

score. Many algorithms of this type have been proposed so far.  This thesis focuses on four 

algorithms that match services based on the match score. OWL-S MX is a hybrid match maker 

which uses logic based and syntactic information retrieval based similarity measures to 

determine the match score. The Tversky model depends on matching of ontological concepts, 

relationship between the concepts and similarity of properties corresponding to them. The 

MWSDI approach is based on syntactic and functional similarity of operations in the request and 

advertisement services. WSMO discovery compares goal descriptions and semantic annotations 

using keyword matching, simple and rich semantic description matching. 

The document is organized as follows. In the next chapter (chapter 2), we briefly discuss 

the use of ontologies as well as different ways to represent semantic web services. In chapter 3, 

we review work done by different researchers on web service discovery algorithms. In chapter 4, 

we present our main area of research that compares four semantic web service discovery 

algorithms and evaluate them in chapter 5. Finally we give conclusions and future work in 

chapter 6. 
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2. BACKGROU
D 

2.1 O
TOLOGY 

Adding semantics to web service descriptions can be achieved by annotating the web 

services using model references to concepts in ontologies. Ontology [6], can be defined as a 

formal representation of a set of concepts within a domain and the relationships between these 

concepts. Ontologies enable shared knowledge and reuse where information resources can be 

used between humans or software agents. The semantic relationships in ontologies are machine 

readable, and thus enable inferencing and asking queries about a subject domain. The OWL Web 

Ontology Language  [7] is designed for use in applications that need to process the content of 

information instead of just presenting information. OWL enables greater machine interpretability 

of web content than that supported by XML, RDF and RDF Schema (RDF-S) by providing 

additional vocabulary along with formal semantics. OWL has 3 sublanguages defined: OWL 

Lite: supports those users who primarily need classification hierarchy and simple constraints; 

OWL DL: supports those users who want the maximum expressiveness while retaining 

computational completeness and decidability; OWL Full: supports users who want maximum 

expressiveness and syntactic freedom in RDF with no computational guarantees. Among these, 

OWL Lite is a subclass of OWL-DL and OWL-DL is a subclass of OWL Full. 

2.2 SEMA
TIC WEB SERVICE 

2.2.1  OWL-S 

OWL-S [8] (formerly DAML-S) is a standard ontology or language which gives web 

service providers a computer-interpretable description of a Web service. As OWL-S gives a 
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markup to the web services, it helps in automated discovery, composition and interoperation of 

services. OWL-S employs an upper level ontology to describe Web services. It consists of three 

parts expressed in accordance with OWL ontologies: the service profile, the service model and 

the service grounding, each of these perspectives provide essential information about the service. 

The Service Profile used to discover a Web service gives complete information to 

determine whether the particular service meets the requirement of the user or not. This 

information involves what the service capabilities are, its limitations and the quality of service. It 

gives detailed information about the name, contact, description of the service, specification of 

parameters (properties) according to the process ontology, inputs, outputs, preconditions and 

effects (IOPEs). The Service Model gives a layout of how a user should pass requests and how 

the service accomplishes the task. The Service Grounding specifies the communication protocol, 

message formats and other details used to access the web service. Concrete messages are 

specified in the grounding i.e., how the inputs and outputs of a process are realized as messages 

in some transmittable format. WSDL is used with the grounding mechanism as a set of endpoints 

for messages along with SOAP binding where HTTP is the communication protocol that is used.  

2.2.2 SAWSDL 

SAWSDL has been accepted as a W3C recommendation or standard for augmenting 

WSDL and associated XML Schema documents with semantic annotations. 

Semantics is attached to the principal elements within an interface description, simply by 

annotating them with concepts from a semantic model (e.g., classes within an OWL ontology). 

These annotations are innocuous, in that they can be easily filtered out, leaving the original 

WSDL. There are three types of annotations provided by SAWSDL: model references, lifting 

schema mappings and lowering schema mappings. The model references tell what an element 
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means in the ontological world, while the mappings allow data to be transformed up (lifted) to 

the ontological world and returned back down (lowered). Note that these mappings are really 

descriptions as well, since they need not be applied directly at run time.   

2.2.3 WSMO 

The Web Service Modeling Ontology, WSMO [9], comprises of an ontology of core 

elements for Semantic Web services. In WSMO, ontologies provide the terminology used by 

other WSMO elements to describe the relevant aspects of the domains of discourse; Goals 

symbolize user desires which can be satisfied by executing a Web service; and Mediators express 

elements that surmount interoperability problems between distinct WSMO elements.  

As WSMO provides Ontological specifications for the elements of the Web services it is 

designed on the basis of some principles: it identifies the resources with the help of URIs, it is 

based on the ontology model and supports ontology languages designed for the semantic web, 

each resource is defined independently, it handles heterogeneity, it separates between client and 

the available services, it provides and differentiates between description and implementation, it 

describes Web services that provide access to a service (actual value obtained after a Web 

service is invoked). 

Web Service Discovery is done by matching goal descriptions with semantic annotations 

of web services. This type of discovery happens at the  

ontological level. Two main processes are required to for this discovery the user input is 

generalized to more abstract descriptions and services and their description should be abstracted 

to classes of services. WSMO uses different approaches to discover web services which require 

different annotation and description of goals and services. 
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3. RELATED WORK 

 

3.1 WEB SERVICE DISCOVERY ALGORITHMS 

 

Locating a particular web service of interest from a pool of available services is the basic 

task of any web service discovery algorithm. Two general methods of web service discovery 

have been highly explored so far: conventional web service discovery and semantic web service 

discovery. Both these methods involve two main tasks: matching the available services against 

the users requirements and discovery of services. Different types of Web service discovery 

architectures are adopted to carry out these tasks. The architectures can be static, centralized or 

decentralized. The simplest of all is the static web service discovery model. In this model, Web 

service descriptions are stored locally and their content remains static. In the centralized 

discovery model, Web service descriptions are published to a directory service or registry. 

Requests are forwarded to the directory service and Web service descriptions are obtained [10]. 

Apart from finding available semantic services in the Web or central service directories, the 

semantic service discovery depends on the process of semantic service selection: the pair wise 

semantic service matching of a set of semantic services with a given query and respective 

relevance-based ranking of the results returned to the user. Semantic service selection tools are 

also called semantic service matchmakers [11] . 

Semantic web service discovery algorithms can be classified according to two aspects: 

what kinds and parts of service semantics are considered for matching and how matching is 

actually performed depending on logic based classification of ontology where a degree of match 
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is given or relationship between concepts and their properties in the class hierarchy of an 

ontology, or a combination of both. Many approaches have come up in both the categories. 

Mating Algorithms: 

OWL-S UDDI matchmaker 

OWL-S/UDDI [12] matchmaker combines UDDI's proliferation into the web service 

infrastructure and OWL-S's explicit semantic description of the web service. The match maker 

algorithm that is used here depends on the matching of input concepts and output concepts that 

belong to request and advertisement service, respectively. The matching algorithm recognizes 

four degrees of match between the two sets of concepts: exact, plug-in, subsumes and fail. 

OWL-SM 

OWL-SM [13] is matchmaking algorithm for matching OWL-S descriptions. OWL-S is 

an upper ontology that defines a vocabulary for describing services. OWL-S can be used to 

define classifications for the elements and characteristics of a Web service. The matching 

algorithm is divided into four stages: (a) the matching of inputs, (b) the matching of outputs, (c) 

the matching of service category. The algorithm determines the matching for each of the stages 

individually. The results are aggregated in the fourth stage (d), where user-defined constraints 

can complete the matching result. The first three stages in the algorithm return degree of match 

according to the relationships between the classes in the classified ontology: fail, subsumes and 

equivalent and then these results are combined together to give a ranking for the services. 

GLUE 

Glue [14] [15] is a WSMO [9] compliant discovery engine that aims at developing an 

efficient system for the management of semantically described Web Services and their 

discovery. The basis of Glue infrastructure is a set of facilities for registering and looking up 
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WSMO components (ontologies, goals, Web Services descriptions and mediators). AWeb 

service, may be linked to certain goals that are solved by the Web service via special types of 

mediators, named wgMediators. These links are useful in the Web Service Discovery.  

In this approach requester entities must register a class of goals in order to be able to 

submit a goal. Similarly, provider entities must register a class of Web Services descriptions in 

order to be able to publish a Web Service description. At set up time, a Glue administrator can 

develop a wgMediator by using f-logic rules to assert the similarities that link a class of Web 

Services descriptions to a class of goals. At discovery time, it enables the use of a simple look up 

mechanism for selecting the most appropriate wgMediators for the submitted goal and the use of 

such mediators to match a goal instance against numerous Web Service description instances. 

The discovery mechanism, then, becomes a composite procedure where the discovery of the 

appropriate wgMediator and the discovery of the appropriate service is combined. 

SAWSDL –MX 

SAWSDL –MX [16] is an approach that does hybrid semantic web service discovery 

using SAWSDL based on logic based matching as well as information retrieval based 

techniques. For every pair of service offer O and service request R, every combination of their 

operations is evaluated by either logic-based matching, text retrieval-based matching, or both. 

SAWSDL-MX applies bipartite graph matching, where nodes in the graph represent the 

operations and the weighted edges are built from possible one-to-one assignments with their 

weights derived from the computed degree of operation match. The logic-based operation 

matching part of SAWSDL-MX computes the degree of logic-based match for a given pair of 

service offer operation and service request by successively applying six filters of increasing 
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degree of relaxation: Exact, Plug-in, Subsumes and Subsumed-by, which are, in essence, adopted 

from those of OWLS-MX 2.0 but modified in terms of an additional bipartite concept matching 

to ensure an injective mapping between offer and request concepts, if required. SAWSDL-MX 

can perform syntactic-based matching based on selected token-based text similarity measures. 

That is, a syntactic similarity value is computed for every pair of service offer and request 

operation which is used to rank operation with same logic-based matching degree. The IR based 

similarity measures used by SAWSDL-MX are the Loss-of-Information, the Extended Jaccard, 

the Cosine and the Jensen-Shannon similarity measures. 
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4. COMPARISO
 OF SEMA
TIC WEB SERVICE DISCOVERY ALGORITHMS 

4.1 I
TRODUCTIO
 

Web services are software components that support interoperable machine-to-machine 

interaction over a network using standard protocols such as Simple Object Access Protocol 

(SOAP) [1] over Hyper Text Transfer protocol (HTTP) [2] that are described by Web Service 

Description Language (WSDL) [3]. Web service discovery [17] is a process of finding 

appropriate services that satisfy the needs of a requester. 

The semantic web has given a new meaning to web service discovery by adding 

semantics to the web service descriptions and using algorithms or mechanisms to perform 

semantic matching and syntactic matching of web services. Adding semantics can be 

accomplished by annotating the web services using model references to the concepts in 

ontologies [18]. Many approaches have been developed to add semantics to a web service: Web 

Ontology Language-services (OWL-S ) [8] is a semantic markup of web services in the  form of 

an ontology, Web Service Model Ontology (WSMO) [9] that provides a conceptual framework 

and a formal language for semantically describing different aspects of services, Web Service 

Description Language - Semantics (WSDL-S) [19] a semantic expressivity to represent 

requirements and capabilities of a web service and Semantic Annotations for WSDL (SAWSDL , 

a W3C standard) [20] which defines how to add semantic annotations to various parts of a 

WSDL document. These parts include the port types, operations, inputs, outputs, element types, 

etc., within the WSDL 1.1 [21] and the analogous parts of WSDL 2.0 [22].  
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   Semantic matching of service a request to service advertisement is the main criteria for 

discovering semantic web services. Advertisements are service descriptions that are available 

and requests are the user’s requirements. The main feature of a semantic matching algorithms is 

the match score between request and services which is used to rank the web services in a sorted 

order. This paper makes a comparative study of four such algorithms and evaluates two of them 

in detail. 

4.2 DISCOVERY ALGORITHMS 

Several researchers have proposed many matching algorithms with semantic and 

syntactic matching capability that would help enhance web service discovery. The relationship 

between the classes of an ontology is considered a key factor for this matching. 

   For some of algorithms, a degree of match is calculated according to five different 

aspects: exact match, plug-in match, subsume match, intersection match and fail. If the 

advertisement concept is the same as the request concept then it is an exact match. If the 

advertisement concept subsumes the request concept, then it is said to be plug-in match. If the 

request includes or classifies the advertisement concept, then it is a subsumes match, in other 

words the request generalizes the advertisement concept. If there is at least one common property 

between the two concepts, then it is intersection match. Finally fail, if none of the above criteria 

are satisfied then there is no match at all. 

 We have made the representation of all the algorithms uniform using description 

logic for the ease of understanding and to facilitate comparison. Description logic [23, 24] comes 

under the family of knowledge representation of languages that is used to represent concept 

definitions of a domain in a structured manner. Several operators and symbols are used to 

represent the relationships among the concepts (classes). Refer to the appendix for definitions of 
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the operators used in this thesis. In the following sections, we discuss four such algorithms and 

study of each approach.  

4.3 OWL-S-MX MATCHMAKER  

OWL-S [8] is a standard ontology which supplies a set of classes and properties that 

describe capabilities of a Web Service. In other words, OWL-S acts as a markup to the web 

service which helps in automated discovery, composition and interoperation. OWL-S MX [25] is 

a hybrid OWL-S semantic service matchmaking algorithm. It uses both logical based and content 

based retrieval techniques for web service discovery. It uses structured content based service 

retrieval narrowing the contents into categories, which allows any part of an OWL-S service 

description to be represented by a weighted category index term vector. These vectors are used to 

compute the numeric degree of similarity between any combinations of parameters with the help 

of some information retrieval (IR) similarity metrics. The IR similarity values are later used in 

the hybrid semantic service matching. 

   The hybrid semantic service matching uses six different filters to calculate the degree of 

semantic match between the request and advertisement. The first four filters are purely logic 

based and the next two are hybrid, which use the IR similarity metric values. OWL-S MX also 

uses five different variants to come up with a matchmaking scheme which use the same logic 

based semantic filters, but different IR similarity metrics. 

4.3.1 Matching filters  

The OWL-S MX matchmaker uses the terminology of the OWL Lite or OWL-DL 

(sublanguages of OWL) [26]; let T be the ontology of the matchmaker, then let CTT be the 

subsumption concept hierarchy of T and C be any concept in CTT, then LSC(C) is the set of  least 

specific concepts (direct children) C’ of C, i.e., C’ is  the immediate sub concept of C ; LGC(C) 
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is the set of least generic concepts (direct parents) C’’ of  C, i.e., C’’ is immediate super-concept 

of C; SimIR (A, B)∈  [0, 1] is the numeric degree of syntactic similarity between strings A and B 

according to chosen IR metric. IR is used with term weighting scheme and document collection, 

and α ∈  [0, 1] is the given syntactic similarity threshold; ≡ and ⊑ denote concept equivalence 

and concept subsumption respectively. Let INR be the list of input concepts for request R and INS 

the list of output concepts for services (OUTR and OUTS are defined similarly). OWL-S will take 

the best matches between the concept lists for R and S. For simplicity, let us for the moment 

assume all the lists are singletons. In this notation the various types of matches supported by 

OWL-S may be given as below (for more general case, refer [18]): 

• Exact match:  R exactly matches with S. 

INR ≡ INS∧  OUTR≡ OUTS 

• Plug-in Match: S plugs into R. 

INR ⊑ INS ∧  OUTS∈  LSC (OUTR) 

• Subsumes Match: R subsumes S  

INR ⊑ INS ∧  OUTS ⊑ OUTR 

• Subsumed-By match: R is subsumed by S 

INR ⊑ INS ∧  (OUTR ≡ OUTS ∨  OUTS ∈LGC (OUTR)) ∧  SimIR (S, R) ≥  α 

• 
earest-neighbor match: S is  the nearest neighbor of R  

INR ⊑ INS ∧OUTS ⊑ OUTR ∨  SimIR(S, R) ≥ α 

• Fail: S fails to match with R according to logic based semantic filter criteria. 
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4.3.2 Matching algorithm 

The OWLS-MX matchmaker takes a service query and matches with a set of services by 

calculating the degree of match and syntactic similarity value and returns the set relevant to the 

query passed. The user is allowed to define the degree of match and the syntactic similarity 

threshold. Then the query I/O concepts are classified according to the local service I/O ontology. 

This ontology is emerged by classifying all the input and output concepts whenever a service or a 

request is received. Service identifiers are used to compute the set of relevant I/O matches 

according to the filters.  

 OWLS-MX computes the match scores between R and S as a  pair of numbers 

(dom, SimIR).The dom (degree of match) is one of the logic based semantic filters defined above, 

i.e., Exact, Plug-in, Subsumes and also the hybrid filters Subsumed-By and Nearest-neighbor 

match come under OWLS-M0. For content based service I/O matching OWLS-MX uses the 

same logic based semantic filters with different IR similarity metric SIMIR(R, S). OWLS-M1 to 

OWLS-M4 use loss-of-information measure (M1), extended Jacquard similarity coefficient 

(M2), the cosine similarity value(M3), and the Jensen-Shannon information divergence based 

similarity value(M4), respectively to calculate the syntactic similarity metric SimIR(R, S). 

4.4 TVERSKY MODEL BASED MATCHI
G ALGORITHM 

This approach [27] calculates the degree of match using the Tversky based model [28] 

where the services are described with SAWSDL. Using Tversky’s model, we consider that 

similarity is a judgment process that requires two services to be decomposed into aspects in 

which they are the same and aspects in which they are different. The match score is obtained 

using a set of two input concepts, two output concepts and two functionality concepts of a 

service request and advertisement respectively, which are represented by an ontology. If a 
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service request and several advertisements are available, this algorithm can be used to find the 

suitable Web services. The properties associated with input, output and functionality concept, the 

generality of these concepts and relationships among them is also taken into account in this 

algorithm to get optimized results. 

 The Tversky model is considered as a powerful similarity model as it takes into account 

the features that are most common and features that are differentiating between specific 

concepts. While the most common features tend to increase the similarity the differentiating 

features tend to diminish it. 

Table 4-1: Tversky model Similarity Scores for common ontology 

4.4.1  Matching Algorithm 

The Tversky’s model uses the matching functions SimI, SimO and SimF, which analyze the 

number of properties (which may be inherited), shared among a list of input concepts, list of 

output concepts, functionality concept of request R and advertisement S conceptualized within 

Input/ 

Output/Functionality 

Match Score Condition 

SimI(R,S) 1 RI ≡  SI 

1 RI ⊑ SI 

|p(RI)|/| p(SI)| RI ⊒ SI 

p(RI)∩ p(SI)|/| p(SI)| RI  П  SI ≠ ∅ 

SimO(R,S) 

 

1 RO ≡  SO 

|p(SO)|/| p(RO)| RO ⊑ SO 

1 RO ⊒ SO 

|p(RO)∩ p(SO )|/| p(RO)| RO  П  SO ≠ ∅ 

SimF(R,S) 

 

1 RF ≡  SF 

|p(SF)|/| p(RF )| RF ⊑ SF 

1 RF ⊒ SF 

|p(RF)∩ p(SF )|/| p(RF)| RF  П  SF ≠∅ 
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the same ontology. In our Sim functions, the p(concept) function retrieves all the properties 

associated with a concept. In our implementation of the Tversky model, inputs and outputs are 

given by list of concepts, one for each parameter. For ease of understanding however, in this 

paper we present the similarity, by assuming the lists are singletons. 

4.4.2 Comparing Semantic Web services based on Common Ontology 

Case 1: For SimI (R, S) (refer to Table 4.1), the similarity or the degree of match score is: 

(a) if RI ≡ SI, the two concepts are said to be equivalent if RI ⊑ SI ∧  RI ⊒ SI, i.e. both the 

concepts subsume each other. (b) 1 if RI ⊑ SI, instances of RI are necessarily instances of SI, in 

other words RI has a subclass of relationship with SI. (c) the similarity is the ratio of number of 

common properties and the number of properties of SI, if  RI ⊒ SI, i.e. the advertisement concept 

subsumes the request concept, in this case p(RI) ∩ p(SI) = p(RI). (d) the similarity is the ratio of 

the number of common properties and the number of  properties of SI, if RI П SI ≠∅, i.e., the two 

concepts intersecting should have at least one property in common. 

Case 2: For SimO(R, S), SimF(R, S) (refer to Table 4.1) the similarity or the degree of 

match is: (a) 1 if RO ≡ SO, i.e. two concepts are equivalent. (b) the similarity is the ratio of 

number of common properties and the number of  properties of RO, if Ro ⊑ SO, i.e. the 

advertisement concept subsumes the request concept, in this case p(RI) ∩ p(SI) = p(RO). (c) 1 if 

RO ⊒ SO, instances of RO are necessarily instances of SI in other words RO has a subclass of 

relationship with SO. (d) the ratio of the number of common properties and the number of 

properties of RO if RI П SI ≠ ∅, the two concepts intersecting should have properties in common. 
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4.4.3 Comparing Semantic Web services based on Multiple Ontologies 

Different web services can be described by different ontologies, there may be common 

vocabulary, which makes the comparison of different concepts a more complicated task. This 

gives rise to some linguistic issues which can be tackled by using a feature-based similarity 

measure which compares concepts based on their common and distinguishing features 

(properties). It takes into account the features or properties of concepts which are transparently 

represented by its inherited properties. Based on Tversky’s model, SimI(R, S), Simo(R, S) and 

SimF(R, S) for semantic web services, with no common ontology commitment based on the 

number of properties shared among two input or output concepts R and S conceptualized within 

the same ontology. These functions compute the geometric distance between the similarity of the 

concepts R, S and the ratio of matched properties of R and S. The similarity functions 

MOSimI(R, S), MOSimO(R, S), MOSimF(R, S) for inputs, outputs and functionality for multiple 

ontology are  defined as follows: 
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The above formulas can be summarized as the geometric distance between the ratio of the 

best mapping between the properties and the number of properties present in the service or 

request. 

Function M establishes a mapping between the properties of the two concept classes S 

and R. It establishes the best matching or mapping between two sets of properties, P = 

{p1,p2,…pm}, Q={q1,q2,…qn} and is determined by using the Hungarian algorithm [29] for 

weighted bipartite graph matching. 
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The weight mij is calculated using the similarity between the properties. A property has 

three parts: name, domain and range. Name match can be done using several string matching 

algorithms such as N-gram, stemming, etc. Currently, our implementation uses the N-gram 

algorithm [30] to calculate the similarity between  the names of properties. Range match can be 

divided into two parts: data type match and name match. Data type match is done by checking 

whether both the properties have equal data types or not. If they have equal data types then the 

value of match is 1 or else 0 (certainly this could be refined to give a value from 0 to 1 as done 

by MWSDI) .The values of the weights are given to be  w1= 0.7 and w2= 0.3 as the name match 

needs more to be given more importance. 

4.4.4 Ranking Algorithm 

Once we know the degree of match between the concepts the services can be ranked 

using the following algorithm. 
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Figure 4-1Ranking Algorithm: Tversky Model 

R = Web service request 

S = Web service advertisement  

for all j of  S 

        if same_ontology (RI , SI) then 

                mi = SimI(R, S) 

        else  
                mi = MOSimI(R, S) 

         end if     

         if same_ontology (RO, SO)  then  

                 mo = SimO(R, S) 

         else 

                 mo = MOSimO(R, S) 

         end if     

         if same_ontology (RF, SF) then  

                 m f = SimF(R, S) 

         else  
                 mf = MOSimF(R, S) 

         end if     

         match [j] = w3 .mi+w4.mo+w5.mf   ; 

forall 

Sort match[j] 

 

The weights w3, w4 and w5 are currently normalized to 1/3 in our implementation. 

4.5 MWSDI DISCOVERY MATCHI
G ALGORITHM 

 The MWSDI [31] [32] discovery algorithm supports both semantic and syntactic 

discovery of services. It uses semantic templates to search for services. The semantic search 

template (R) allows the user to specify the inputs, outputs and operations corresponding to the 

web service request. The search template is matched against an advertised service (S). The 

matching of R with S is done using a matching function which returns a similarity value in the 

range of 0 or 1. This similarity value has two different dimensions, syntactic similarity and 

functional similarity. These similarities correspond to inputs, outputs and operations of the R, S 

pairs. A match score is calculated for each pair of search template and candidate service. The 

pairs are ranked in the descending order of the match score and presented for the selection of a 

proper web service. In this paper, we discuss the calculation of match score at the operation level 
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as we have considered in the other algorithms. MWSDI is a more general approach which 

supports matching at the interface (port type) level which may include several operations. 

Table 4-3: Concept Similarity 
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4.5.1 Matching Algorithm 

 The Search Template is matched to the candidate service based on the required 

functionality. This is achieved by matching the operations of R and S rather than just the inputs 

and outputs. Functional Similarity of operations (refer to table 4-3) is used as the matching unit 

while matching R and S. These operations are in turn matched based on their inputs and outputs. 

This similarity is a result of a chain of other similarity functions shown in Table IV. 

4.5.2 Concept Similarity (conSim)  

 It is the similarity of the ontological concepts to which the Web service operations of R 

and S are annotated. To calculate Concept Similarity, coverage similarity, property similarity and 

syntactic similarity are used (refer to table 4-3).  

Coverage Similarity (cvrgSim) 

This is another dimension of the concept similarity which measures the extent of 

knowledge that the concept covers. The coverage similarity is reduced exponentially for super-

concepts based on the level of ancestry. Similarly, the coverage similarity is reduced by a 

multiple of 0.05 if the candidate concept is a sub-concept, where the multiples are the levels we 

have to go below the required concept to reach the candidate concept. The match of concepts is 

done with a shallow concept match while calculating coverage similarity. 

 Property Similarity (propSim) 

The properties are matched as one to one mappings and the mappings are calculated in 

such a way that the sum of the property matches is maximized using the Hungarian algorithm. 

The property similarity for unmatched properties is penalized with a penalty of 0.05 for each 

propSynSim(CR.pi,CS.qj) = nGramSim( CR.pi.label, CS.qj.label) 

conSynSim(CR,CS)  =   nGramSim( CR.label,CS.label) 
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unmatched property. It also has another contributor c which is a constant which is calculated 

based on whether the properties being mapped are inverse functional properties or not. A 

property is inverse functional then that property value is unique for every instance of that 

concept.  

Range Match (rangeSim): Range of a property can be matched using three different 

cases. The first case is when both the properties have primitive data types as their ranges. In such 

a case data type conversion is required. The second case is that both the property ranges are 

Ontological concepts. In such cases, a concept match is done to match these range concepts. This 

concept match involves matching names and descriptions of concepts and matching the 

properties of these concepts syntactically. The propSynSim is calculated as the fraction of 

properties that the range concept for property R has in common with the range concept of 

property S. The third and the simplest case is when one property has a primitive data type as 

range and other has range of an ontological concept. In such case, as the ranges are incompatible 

the range match is 0.   

Cardinality Match (cardSim): The cardinality provides information in determining 

whether the properties match. For example, when matching two properties, if the request needs 

more than one value and the advertisement property has only one value, the match would be less 

as the request requirement is not met and vice versa. Hence, the match score needs to be reduced 

to 0.9 and 0.7 respectively for such cases. 

 Unmatched Properties: When matching two concepts, we can  get some situations 

wherein the concepts may not have the same number of properties. The request may have equal, 

more or less number of properties compared to the advertisement concept. In cases where the 

advertisement concept has less number of properties compared to request, we penalize the 
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advertisement concept by 0.05 for each of the unmatched property. If there are number of 

properties in the advertisement concept, a mapping can be found compared to the request. In 

such cases, we penalize the advertised concept 0.05 that is proportional to unmatched properties.  

Syntactic Similarity (synPropSim) 

This is the measure of syntactic similarity of the concepts. This includes matching the 

names of the concepts. 

4.5.3 Similarity of operations 

The function OPSim (refer to table 4-3) calculates the similarity for an individual 

operation pair. OPSim comprises of Syntactic similarity, Conceptual similarity and Input 

similarity and output similarity. 

i) Concept Similarity: As discussed above the concept similarity is obtained. 

Table 4-4: Similarity of Operations 
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mij=conSim(R.Ii.c, S.Ij.c) 

synSim(R, S) = nGramSim( R.label,S.label) 
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ii)  The function inpSim(R, S), computes the best set of mappings that can be 

obtained from matching the inputs of operation R with the inputs of operation S which is done be 

using the Hungarian algorithm. The function oupSim(R, S) is calculated the same way as 

inpSim(R, S).  

iii) Syntactic Similarity of Operations (synSim): It is the similarity of the names of 

the operations to be matched. N-gram similarity is used to find the syntactic similarity  

The weights (w1, w2, w3) =1/3, (w4, w5) =1/2, (w6, w7, w8)=3/10, w9=1/10  Hence after 

finding similarity of each operation the match score for each service is returned and the services 

are selected according to the match score.  

4.6 WSMO WEB SERVICE DISCOVERY ALGORITHM 

Web Service Modeling Ontology (WSMO), is an ontology of core elements for semantic 

web services, described in Web Services Modeling Language (WSML) [33]. In WSMO, goals 

symbolize user requirement which can be satisfied by executing a web service and mediators 

express elements that surmount interoperability problems between distinct WSMO elements. 

Web service discovery in WSMO can be done by matching goals and web services based on 

semantic descriptions. The WSMO web service discovery [34] has three different approaches for 

web service discovery. 

4.6.1 Keyword-based 

Keyword based discovery has been frequently used for web service discovery. To 

discover services, keyword based scenario uses query engines to match keywords in goals 

against those of web service descriptions. The query that is passed to the query engine is a set of 

keywords extracted from a service request. Stemming, part-of-speech tagging, phrase 

recognition, synonym detection, etc. are used to match service requests and service descriptions. 
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Queries with the same meaning can be formulated by using synonym dictionaries like WordNet 

as well as Natural language processing techniques. However, these techniques are often 

restricted by the ambiguity of natural language.  

4.6.2 Based on simple semantic descriptions 

To overcome the ambiguity of natural language, consider the use of controlled 

vocabularies with explicit and formal semantics. WSMO uses a set theory based modeling 

approach, where a web service and goals are represented as sets of objects. The output and effect 

caused by the execution of the service can be considered as objects with respect to a set of inputs 

provided by the user of the service. This means the services describe abstractly what they can 

deliver as outputs and effects. Goals specify the desire of a client that he wants to have resolved 

after invoking a web service, which means they describe the information the client wants to 

receive as output after web service execution. The effects are what the client intends to achieve 

by invoking the web service. Suppose there are a set of objects in a goal and a set of objects in 

the Web Service, the most basic set-theoretic relationships between the goals and the web service 

descriptions are considered to calculate the degree of match.  

• Set equality or Exact match: The objects advertised by the service provider and 

the objects for the requester specified as a goal match exactly, i.e., the service delivers all the 

relevant objects according to the requester.  

• Goal description subset of web service description or Subsumption match: The set 

of objects advertised form a superset of the set of objects that are specified as goal by the 

requester, i.e., the service delivers all the relevant objects specified by the requester as well as 

some objects not specified in the goal. 
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• Web service description subset of goal description or Plug-in Match: The set of 

objects advertised form a subset of the set of objects that are specified as goal by the requester 

i.e., the service cannot deliver all the relevant objects specified by the requester.  

• Common elements of goal and web service description or Intersection Match: The 

set of relevant objects for both the goals and web services are delivered. 

• No common element of goal and web service description or Non-Match: All the 

objects that are not related or those that do not belong to both the goals and web services are 

delivered. 

The set based modeling approach is simple and expressive as it allows general 

description. 

4.6.3 Based on rich semantic descriptions 

So far this approach ignored inputs and their relations to outputs and effects of the web 

service execution. In fact, when considering actual executions of a web service, the sets 

describing the outputs and effects of the execution actually depend on the provided input values. 

Hence, a web service execution can be described by a set of outputs and a set of effects (for the 

specific values for input parameters), whereas a web service is seen as a collection of possible 

executions and thus should be modeled by a collection of sets of outputs and effects: one pair of 

such sets for each service execution (or concrete values for the input parameters of the web 

service). In the WSMO framework the client specifies his desire as a goal. More precisely, the 

goal description consists of the specification of a set of desired information as well as a set of 

desired effects. As before, matching mainly is based on checking certain set-theoretic 

relationships between the sets related to the output as well as the sets related to effects. 
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We are not going to evaluate this approach at this point of time because they have not 

considered the case where different or unmapped ontologies are used for describing the service 

and the request respectively. As a result, this approach will only work in a perfect environment 

where everything is perfectly mapped. In other words, it does not have any calculations like the 

other approaches for calculating similarity of two ontologies using techniques such as N-gram 

etc. 

4.7 Implementation 

The implementations of these algorithms differ from each other yet have some common 

aspects. Java is used to implement OWLS-MX, Tversky model and MWSDI algorithms. OWLS-

MX Matchmaker uses OWL-S API 1.1 beta along with Jena semantic web framework for 

implementing the matchmaker variants and matchmaker ontology respectively. It has a graphical 

user interface (GUI) to carry out the various functions of the algorithm. The GUI contains 

different tabs for each function: loading a set of services, passing a request query, loading a 

relevance set, loading a test collection (predefined in OWLS-MX tool package), choosing the 

combination of variant and degree of match, testing, display answer set and then finally the  

result that displays a graph which projects precision and recall. MWSDI also uses Jena 

framework. We implement a class which follows the chain of formulae in the MWSDI algorithm 

to find the functional similarity for R and S. We just pass the two service objects to each of the 

function and the appropriate inputs, outputs and ontological concepts to get a final match score 

and later use a sort the web services based on the order of match the score. Tversky model is 

implemented in Java using Jena semantic web framework. It has a Java class which implements 

the algorithm both syntactically and semantically. It uses N-gram similarity to calculate the 

similarity between two strings. The Hungarian algorithm is used to find the best mapping 
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between two strings for weighted bipartite graph matching. To select the set of services it 

implements the ranking algorithm. 
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5. EVALUATIO
 OF DISCOVERY E
GI
ES A
D RESULTS 

 

In this section we discuss how the algorithms discussed above are evaluated and their 

results to draw a comparison between the discovery algorithms.  

5.1 EXPERIME
TAL SETUP 

 

For getting an optimum measure of effectiveness from the two discovery algorithms, we 

have collected a set of services corresponding to a common domain, Finance. The direct way to 

search for these services is based on the service names.   We transformed these services into 

respective forms of input to the engines, i.e. SAWSDL using two finance ontologies 

LSDIS_Finance ontology, finance ontology.  We have created a set of ten requests, each of 

which is associated with the collection of available services that are passed as relevant query to 

the discovery algorithms. The ten requests are divided into two sets of five requests for each 

ontology. The experiments can all be reproduced by using the data given in the appendix of this 

document and the links to the project files and documentation is also given in the appendix. 

To discover services, we have applied a threshold value on the total match scores 

obtained. This threshold value is calculated as follows. 

Threshold t = w1tc+w2tr 

We let, tc = threshold constant (eg.,0.5) and tr=threshold relative (e.g., average of the total 

scores). 

5.2 EVALUATIO
 

To perform evaluation three important measures of effectiveness are taken into account 

precision, recall and F-measure. 
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We have considered precision as we need to know how many of the services discovered 

are correct in a set of total discovered services.  We consider a  service is said to be correct when 

it is said to be usable with respect to a given request. We calculate the number of correctly 

discovered services by taking the intersection of, services that had total scores greater than the 

threshold  and the number of acceptable or correct services. F-measure gives the harmonic mean 

of recall and precision. 

Table 5-1 Precision, Recall, F-measure for Common Ontology 

 Tversky model MWSDI 

Request Precision Recall F-measure Precision Recall F-measure 

R1 0.775 0.875 0.824 0.667 0.250 0.364 

R2 1.000 0.500 0.667 1.000 0.167 0.056 

R3 0.875 0.778 0.824 0.667 0.222 0.333 

R4 0.750 0.375 0.500 1000 0.375 0.545 

R5 1.000 0.556 0.714 1.000 0.125 0.222 

 

Table 5-2 Precision, Recall, F-measure for Multiple ontologies 

 Tversky model MWSDI 

Request Precision Recall F-measure Precision Recall F-measure 

R1 1.000 0.285 0.47 1 0.2 0.33 

R2 0 0 0 0 0 0 

R3 1.000 0.42 0.59 0 0 0 

R4 1 0.25 0.4 0 0 0 

R5 1 0.33 0.198 0 0 0 

 

 

recallprecision

recallprecision

+

⋅⋅
=

2
Measure(F)-F
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Figure 5-1Precision and Recall Graph for Common Ontology 

 

 

Figure 5-2 Precision and Recall Graph for Multiple Ontology 
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Pearson’s correlation 

Correlation between the ranking order of both MWSDI and TVERSKY and two human 

evaluators average ranking of the two human evaluators was considered to determine how many 

services had been correctly ranked 
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Table 5-3 Cumulative Pearson’s correlation for the ranks of the services for common ontology 

                                         

  MWSDI TVERSKY EVAL1 EVAL2 EAVG 

MWSDI    0.506 0.423 0.5876 0.570 

TVERSKY     0.515 0.507 0.520 

EVAL1       0.656 0.873 

EVAL2         0.863 

EAVG           

 

Table 5-4 Cumulative Pearson’s correlation for the ranks of the services for multiple ontologies 

         

  MWSDI TVERSKY EVAL1 EVAL2 EAVG 

MWSDI    0.113 0.224 0.33 0.284 

TVERSKY     0.848 0.224 0.6516 

EVAL1       0.309 0.76 

EVAL2         0.697 

EAVG           

 

5.2.1 Comparing TVESKY and MWSDI depending on the experiments. 

 After conducting the experiments and getting the results we have noted down the 

following observations. These observations and evaluations depend on experimental results. 

• MWSDI does the coverage similarity which gives better match scores in the concept 

similarity. Tversky model does a less detailed comparison, it calculates the match score 
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depending on the number of properties that belong to the service or the request and the number 

of common properties that belong to both service and request concepts respectively. 

• MWSDI finds the best mapping when calculating the input and output similarity, as its 

scores were a little higher than the Tversky model. Tversky model uses properties and label 

matching while calculating this similarity which fetches low scores. 

• As the MWSDI approach has deeper level of comparison when compared to TVERSKY 

model it takes more time to complete discovery.   

• Though the MWSDI approach had high scores for input and output similarity and 

concept similarity, the similarity scores of operations were found to be very low when compared 

to the Tversky model. This in turn affects the overall total score when calculated as MWSDI 

model gives equal weights to all the parts of the similarity making the scores lower than Tversky. 

• The precision for Tversky model proved to be high and more consistent when compared 

to MWSDI. 

• Recall was very low for the MWSDI algorithm compared to Tversky for the same set of 

services when tested on multiple ontologies. 

• The overall scores for MWSDI with multiple ontologies seemed very low. 

5.2.2 Qualitative Evaluation of Discovery Algorithms 

The following observations can be drawn after doing a detailed analysis of the algorithms 

discussed in the chapter 4. 

OWLS-MX 

OWL-S MX is a hybrid match making algorithm. This algorithm uses the general ideas 

of logic based matching (with degree of match as exact, plug-in, subsumes, subsumed by, nearest 

neighbor and fail) along with some IR based similarity metrics. It extends the idea of  logic based 
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similarity from previous work on  the OWLS-UDDI matchmaker.  To accomplish the logic 

based similarity this algorithm uses the basics of description logic and applies it with the 

classification of ontology.   Each of the logic based criteria is selected which is later plugged 

along with the IR based measures to give a final relevant set of services.   

MWSDI 

The MWSDI algorithm divided the calculation of match score for each operation into 

three parts: I/O similarity, Concept similarity and Syntactic similarity. In each of these parts the 

algorithm explores the class hierarchy of the ontology syntactically and semantically. 

It does a taxonomy based comparison when doing the coverage similarity which gives 

better match scores in the concept similarity. It finds the best mapping when calculating the input 

and output similarity by using the Hungarian algorithm along with the N-gram similarity which 

makes the scores to be more accurate. 

As the algorithms scans through the class hierarchy several times when calculating the 

match score this algorithm can be time consuming. 

This algorithm is not limit to the logic based similarity measures (exact, plug-in, 

subsumes and fail). 

TVERSKY 

This algorithm relies on Tversky’s feature-based similarity model to match requests with 

advertisement. This model takes into account the features or properties of ontological concepts 

and not the taxonomy that defines the hierarchy of concepts. It does not limit itself to logic based 

similarity measures.  

Match scores mostly depends on the number of properties of the concepts and the 

subsumption of request and service concepts Calculating the match scores for multiple 
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ontologies is obtained by finding best mapping  between the properties of concepts using the n-

gram similarity and  Hungarian algorithm .Also this algorithm has a separate ranking algorithm 

which returns the best service selected even if the services belong to different ontologies  

WSMO 

 WSMO uses three different ways to discover services: Key word based search, based 

simple semantic descriptions and based on rich semantic descriptions. This discovery adopts a 

set based modeling approach for both simple semantics and rich semantic descriptions for logic 

based matching. The approach represents a general framework which does not consider the 

language to be used for describing goals and web services. semantics of a web service is only 

described in a conceptual manner.  

 

 

 

 

 

 



41 

 

 

 

6. CO
CLUSIO
 A
D FUTURE WORK 

 

The goal of this work was to evaluate both qualitatively and quantitatively the 

effectiveness of the several popular web service discovery algorithms. In particular, we were 

looking at how well they fared in precision, recall and correlation with human evaluators. Part of 

this effort required one of the algorithms to be implemented from scratch, the TVERSKY 

algorithm. In addition, we discovered a limitation to its original formulation regarding the 

cardinality of inputs and outputs, and subsequently removed this limitation. Furthermore, our 

initial implementation of the MWSDI algorithm was rather inefficient so we utilized techniques 

to speed it up compared to the original formulation of this algorithm. We have simplified it by 

eliminating one of its sub- measures namely, context similarity. Due to time limitations and the 

difficulty of using prototype software, at this point we were unable to produce quantitative 

results for OWL-S MX or WSMO .A preliminary quantitative evaluation of the Tversky and the 

MWSDI algorithms was performed. Although our results are preliminary our initial findings can 

be summarized as follows: MWSDI has good individual similarity scores but when the overall 

scores are compared to the Tversky model it appears may that Tversky can outperform MWSDI. 

In the future, we intend to extend this work by doing an empirical evaluation on the other 

algorithms discussed in this paper: OWL-S MX and WSMO (and possibly SAWSDL- MX). We 

also intend to integrate the implementation of the Tversky algorithm and  the updated  MWSDI 

algorithm into Lumina [35] a web service discovery engine developed in the LSDIS Lab as a part 

of METEOR-S project. The Tversky algorithm can be improved by including the Hungarian 

algorithm while doing the similarity match on the inputs and outputs and also use N-gram 
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similarity to calculate the syntactic similarity for the different parts of the WSDL. Also, 

additional information  retrieval techniques  such as the Extended Jaccard, Cosine and Jensen-

Shannon similarity measures will be considered for Tversky and MWSDI algorithms instead of 

just using N-gram similarity for calculating the syntactic similarity. We also need to adjust 

weights to improve the recall and precision for both the algorithms. Once we have a more 

comprehensive study, we plan to compare the experimental results of other studies with our 

study. In particular, we plan to increase the experiment set to a higher collection of services 

(around fifty) for better evaluation. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 


