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Abstract—Ontology is the key ingredient of semantic Web objects and reasoning their relationships within a domain.
service technologies, which support systematic managenteof | ater it has been adopted in many other fields, including
Web services, such as automatic service discovery, servicem-  gemantic \Web services, to develop machine-understandable

position, and change management. It is crucial and challerigg to .
reduce the human efforts for developing ontologies. We progse knowledge. There are two types of ontologies that have been

a bottom-up approach that bootstraps operation-level serice Proposed so fardomainontology andserviceontology. The
ontologies from WSDL descriptions. The approach leveragethe domain ontology mainly focuses on data-level semantics. It
techniques of information retrieval and machine learning. The  describes concepts and their relationships in a certainadom
relevance and similarity between Web services are measured so as to add semantic markups to the terms (e.g., input

based on the WSDL descriptions. The process of developing d outout t . ice d it The d .
service ontologies consists of two steps. First, we build rsece and output parameters) in a service description. The domain

ontologies based on the service relevance. We then consttuc Ontology allows automatic matching between user requests
the structure of the service ontologies based on the serviceand service descriptions as well as improves the precision
similarity. We conduct an empirical study on real Web servi@s and recall of the matching result. The limitation of domain

to demonstrate the effectiveness of the proposed approach. ontology is that the concept granularity is data in service

Index Terms—Web services, Ontology, WSDL descriptions. It does not directly capture the semantics of
higher level objects, such as services and their relatipash
|. INTRODUCTION The service ontology, on the other hand, focuses on service-

The last few years have witnessed a plethora of activitiessel semantics. It treats services as the first-class tshjeren
around Service-Oriented Computing (SOC). Many companidsscribing them and their relationships [7], [9]. The seevi
have already started delivering their business functibesl ontology builds up a meaningful organization of Web sersice
on the Web via Web services. Examples of these companidse services having similar functionality are classifiei ithe
include Amazon, Ebay, Facebook, Force.com, Google, HRme categories, a.k.aervice communitie§ his organization
IBM, Microsoft, and Yahoo. Meanwhile, the emergence angives a high-level and structured view of the importantdess
popularity of cloud computing further impel the rapid growt of Web services, such as their functionality and inter-eerv
of Web services [1]. SOC has attracted considerable intereslationships. Therefore, the service ontology allows pr to
from both academia and industry. Many research efforts hadewn, disciplined way to discover and compose Web services
been conducted aiming to make a full usage of Web services. a large scale [18].

A Web Service Management System (WSMS) has been envi-The development and deployment of service ontologies have
sioned that treats Web services as the first-class objedts aeen seriously hindered by the intensive human efforts re-
manages them as how a DBMS manages data [16]. quired during the process of ontology construction. Traddl

Automation is one of the most important and challengingpproaches for ontology construction mainly rely on domain
research issues of Web service management. More spegificakperts who have a comprehensive and thorough view on the
due to the large scale and heterogeneous Web service spacegcepts within a domain. It will be a very extensive, demand
realizing the full potential of Web services lies in the miniing, and even impossible work in the context of Web services.
mization of human efforts for the usage of Web services, suElrst, there is a large number of Web services available en th
as service discovery, composition, and invocation. SeimantVeb. The number still keeps increasing. Second, these Web
support is always considered as the key enabler for automatiservices are offered by independent and autonomous service
The key idea of current semantic Web service technologiespividers. Most of these providers only publish the WSDL
to add machine-understandable semantics to service pesatiescriptions of their services. However, it is not pradtica
tions so as to allow software agents to capture the importaytt through all the WSDL documents by domain experts. A
information of a Web service and take over the work. systematic support is needed to minimize the human efforts

Ontology is the key ingredient of current semantic Web seduring the process of ontology construction.
vice technologies [4], [14]. The concept of ontology orajig Some research efforts have been conducted for automati-
came from the field of Artificial Intelligence for recognigin cally bootstrapping domain ontology [15], [12]. The propds
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approaches start with a set of Web sites that are coupléd Extract Operations
with Web services or WSDL documents. Machine learning

lqorith d inf i trieval h i The first step of service ontology construction is to extract
algonthms and information retrieval approacnes are app.'the descriptions of operations from WSDL documents. A Web

to explore potential concepts and reason their relatigusshi ice provides its functionality via a set of operaticHisis

. er
Inspired by these approaches, we propose an approach gﬁes operations the right granularity level to define basic

automatically extracts semantics from WSDL Olescrlptlor}ﬁnctionalities of Web services. To analyze the functional

and constructs service ont(_)!og|es. The _approach starts "Watures of a service operation, it is important to get ashmuc
WSDL documents and identifies the functional features of Wt? ormation about the operation as possible from the WSDL
services. It then builds up a hierarchical structure of iserv

) o ) ._document. During this step, we parse WSDL documents and
functionalities to form a service ontology. A Web servic g b P

provides its functionality via a set of operations, whicle arEétore all the detailed description for each operation udig
! ' the operation name and detailed description of input anpludut
unordered and unrelated to each other in a WSDL documeljﬁt P P X

N . . ; eéssages. The message description includes the message nam
Therefore, it will be more suitable to use service operatias 9 9 b 8

th larity level to define basic functionalities thas and the description of each part, which consists of the part
seerv?éggu arity level to define basic functionaliies tha&md o me and its data type. Besides, we use the Web service and

hi . . ¢ . K 18 the service interface as the context of an operation to ingro
This paper is an extension of our previous wor [8]. W?,ne accuracy of the analysis result. For this reason, servic
present a two-phase process to construct service ontslo

H8me and portType name are included in the operation’s

by mining service operations based on W_SDL OIeSCrIptm}?escription. The output of this step is the descriptions of
During the first phase, we measure the functional relevaace Bperations which are stored in aperation container
tween service operations and use it to define service origsog '

on a high _IeveI. Based on the relevance, we classify operstiqy Compute Operation Relevance
into functionally related groups. Each group corresporads t
an application domain. Within a domain, we further study This step is to compute the relevance between operations.
the similarity between service operations in the secongg@halhe relevance between two operations measures how much
We use a hierarchical clustering algorithm to mine servidgey are related to each other. Generally speaking, twoaeper
operations based on their similarity. This process exradtons in the same application domain have a higher relevance
common functional features of similar operations, which cghan the ones in the different domains (e.g., travel, médica
be used to define abstract operations. The result of ti§gd finance). For examplélight_reservation and ind_hotel
process is a hierarchical structure of the service ontoldis are expected to have a higher relevance fraght_reservation
service ontology reveals the relationship among servioes a@2ndget Medicine name. Although WSDL mainly describes a
operations, which is not directly visible from WSDL files.service at the syntactic level, information retrieval teiclues
It allows to perform service discovery and composition in §an be adopted to extract semantics from WSDL descriptions.
structured manner. This is due to the observation that some common naming con-
The remainder of this paper is organized as follows. jyentions are usually followed for Web service development,
Section I, we give an overview of the proposed process fgepecially for the WSDL dpcuments which are automatically
building operation-level ontologies for Web services. \&fg | 9enerated from programming source codes. For example, an
out and describe the key steps in the process. In Sectiongll, OPeration usually has the name of the original functionhsuc
present a two-phase process that measures relevance and Memperaturqunversmn. Based on this pbservatlon, we can
ilarity, respectively, to mine service operations and tams analyze the functional features of a service operation from
service ontologies based on WSDL descriptions. In Section Ithe terms in its description. Following these lines, we anttr
we present a comprehensive experimental study to illestrgrmsfrom an operation’s description to compute the operation
the effectiveness of the proposed approach. In Section V, Vfdevance.
discuss some representative related work. We conclude oult is very common that an element in a WSDL document

paper and discuss future work in Section VI. appears in a composite format. For example, an operation
may have a name likget Map, sendPurchaseRequest, or

orderl. Thus, tokenization is performed on an operation’s
description to extract simple terms. The tokenization pssc
decomposes a given expression into simple terms. It censist
In this section, we present the process of developimg case changesuffix numbers eliminatigrword stemming
operation-level service ontologies. This process takeDWS andunderscore separatdi0]. The output of the tokenization
documents as input and generates a set of hierarchicateeryirocess is a set of terms that are used to describe a service
ontologies as output. As depicted in Figure 1, the procesperation.
consists of several key steps, includiegtract operations  The relevance of two operations is computed based on their
compute operation relevanchkuild service ontologycompute terms. We elaborate on the computation in Section IlI-A. The
operation similarity and develop internal structure of ontol- operation relevance matrix that stores the relevance legtwe
ogy. We elaborate on these steps as follows. any pair of operations is generated as the output of this step

II. AN OVERVIEW OF ONTOLOGY DEVELOPMENT
PROCESS
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Fig. 1. The Ontology Construction Framework

C. Build Service Ontology I1l. ONTOLOGY CONSTRUCTION

This step takes the operation relevance matrix as input andn this section, we present the process of constructing
identifies different domains and the corresponding sesvite gperation-level ontologies. It follows two steps. Firste w
each domain. A service ontology is then created for eagheate a service ontology for a certain domain by grouping
domain. This step uses the matrix to cluster the servigerations providing related functionalities togethezc@hd,
operations by grouping the related operations togethes Itywe puild up a hierarchical structure for the service ontglog
elaborated in Section IlI-A. based on the functional similarity between service openati

D. Compute Operation Similarit .
) P ] P _y o A. Relevance-based Ontology Construction
This step is to compute the similarity between two relevant

operations, i.e., the operations in the same domain. It isThe process of relevan_ce-based ontology construction con-
different from measuring relevance between operationgyevh SIStS of two steps. We first compute the relevance between
only terms are considered. When computing the similafity, t SETvice operations and generate the relevance matrix. gve th
structure of an operation (e.g., input and output messag8§fine service ontology based on the relevance matrix.
is also considered. The reason is that two similar operstion Ihe relevance between two operations is computed based
should have both similar syntactic features (i.e., namad) &°n their descriptions (e.g., name, input message, and butpu
structures, which need to be evaluated accordingly. For dR€ssage) and their context (Web service and portType). In
ample,get map andget route are expected to have a highe|,nformayon retrieval techniques, terms are typically diges _
similarity thanget map and light_reservation. The output of the basic elements to compare between two documents. This
this step is the operation similarity matrix, which storas t id€a can also be applied to operation comparison. It is due to
similarity between any pair of operations in a service angyl the observation tha_lt the morepresentative termare shared
This step is elaborated in Section IlI-B. by the two operations, the higher relevance that these two
We use adomain knowledge bage improve the accuracy operations should have. The represe_ntative term refe_ﬂseto t
of computing service relevance and similarity. The knogted ©N€ that can represent the functionality of a service ojmerat
base describes a set of terms and their relationships. Tl it tends to have high appearance frenquency amongeervic
usage of the domain knowledge base is due to the synta@Réerations in the same domain. Therefore TF/IDF [2] can be
difference between synonyms. For example, althotigip ysed to measure_the degree of representativeness of a @rm. T
and j ourney share similar meaning, they will be treated 4\Prove the precision and recall of the result, we use Wardne
two distinct terms. Wordnet, a lexical database, has beefC Solve the syntactic difference between synonyms.
widely used to connect between synonyms. Another option isSuppose thaf is the set of terms extracted from all WSDL
to rely on Web search engines to compute the distance betw&gguments. It contains terms with distinct meaning. We can
two terms [11]. Since Wordnet has been demonstrated to 'h@del an operation as & dimensional term vector. Thus,

effective to retrieve synonyms for a term, we choose to u§&/ing m operations, we can generate anx k operation-
Wordnet in our work. term matrix M©7, where each row represents an operation

and each column represents a term. More specifically;;let
E. Construct Internal Structure of Ontology be thejth term andop; be a set of terms that are included in
This step takes the operation similarity matrix as input arttle ith operation’s description or context, we have:
generates the internal structure for each service ontolagy ) ,
i i i i itai oP 0 if t; ¢ op:
hierarchical clustering approach is performed to clustailar mp” = , , e (1)
operations and extract their common features. This prasess " TF'(t;)/IDF'(ops) otherwise

elaborated in Section III-B. t; ¢' op; means that; or its synonyms does not belong to

Lhttp://wordnet.princeton.edu/ op;. We also treat a term and its synonyms as the same term



when computing its TF/IDF. After generating the operatiorfunction simTerm(t1,t2) — [0..1]. We calculate the term
term matrix, we apply kmeans clustering to group relatesimilarity by leveraging the approach proposed in [3]. Wetfir
operations together. The reason of choosing kmeans is thampute the normalized compression distance (NCD) between
it is very efficient with time complexityQ(KIM) and it can two terms. We then get the similarity as:

achieve high accuracy of the clustering result. .

The resglt of the c)fustering procesg is a set of operation simTerm(ty,t2) =1 — NCD(t1, t2) (4)
clusters, where operations providing the related funelion As depicted in Figure 27; and7; are two sets of terms. The
are grouped to the same cluster. Each cluster correspomgts tonaximum weight matching is the one that has the maximum
application domain. A service ontology is generated froeheasum of weights of edges, i.e{< t;1,t1 >, < ti2, tj2 >}.
cluster. The operations in the cluster constitute the curdé
the ontology. Tj

B. Similarity-based Ontology Construction Ti

The process of similarity-based ontology construction-con
sists of two steps. First, we compute the similarity between
two service operations within an ontology and generate the
similarity matrix. We exploit a similar strategy as deveddp
in [10] for measuring similarity between two service opera-
tions. Second, we build up the hierarchical structure of the
ontology based on the similarity matrix.

The similar service operations refer to the ones that peovid
similar functionality, which can be described by their name
input messages, and output messages. Therefore, we compute
the similarity between two operations by comparing them

N A

using these three parameters, respectively. Differenglgi Fig. 2. The bipartite graph model of two term sets

can be assigned to them. More specifically, we define the

similarity between two operations as: The weight of a matching is:

simOP(op;,0p;) = =M
wy X simName(op;.name, op;.name)+ W = Zl simTerm(e;.from, e;.to) ®)
1=

wz X SZ,mMSQ(Opi'm’ op;-in)+ Suppose there ane matchings inG, i.e., M, ..., M,,. There-
w3 x simM sg(op;.out, op;.out) fore, the similarity between two sets of terms is defined as:
wherew; + wy + w3z = 1. (2) W
o ) ) simTermSet(Top,, Top,) = In.‘ch1§k§n( ) ,  (6)

Therefore, the similarity comparison between two operatio min(|Top, |, [Top, )

is decomposed to the comparison between names and W use Equation 3 and 4 to compute the similarity between
comparison between messages. We elaborate on these {49 message names. We compute the similarity between
comparisons as below. two messages by comparing their names and parts. Different

Itis typical that an operation has a composite name, such\@sights can be assigned to these two aspects. More specifi-

get PurchaseOrder orcarRentalReservation. Therefore, Wesally, we define the similarity between two messages as:
need to first tokenize the operation name and decompose it to

simple terms for comparison. Léf,, be the set of terms simMsg(mi, m;) =
decomposed fromvp;.name and T,,, be the set of terms wy X simName(m;.name, mj.name)+

decomposed fromp;.name, wa X simMsg(m;.Parts, mj.Parts)

simName(op;.name, opj.name) = simTermSet(Top,, Top, ). wherew; + ws = 1. @

®) It is likely that two similar parts are defined with different
We model the two sets of terms as two sets of nodes indata type granularity, which will affect the result of compa
bipartite graph and compute the maximum weight matchirigon. For example, the input message dBsocode service
as their similairity. A bipartite grapttz = {N1, N2, E}. N1 has one partaddr ess, which has a complex data type.
and N, are two disjoint sets of nodes in G¢ is a set Another service has four parts in its input message, inalydi
of edges between the nodes M, and the nodes inV,. street Info,city,state, andzi p. To better compute
There are no edges between two nodes from the same #w®t. similarity between parts, we first flatten each part tota se
A matching M is defined as a subset of E, where there atd atomic parts where each atomic part has an atomic (or
no two edges inM sharing a same end node. An edge istandard) data type. We then use the bipartite graph model
M is weighted. The weight is assigned by the term similarityp compute the similarity between the parts of two messages.



We calculate the maximum weight matching of the messabe used for this purpose. We choose the widely used k-means
part bipartite graph as the similarity. More specificallyg walgorithm and se& as 5. Table | shows the operations that
use AP, to denote the flattened set of the partin the are assigned to each ontology. We compute the precision and
graph, N1 = Upem,.PartsAPp, @nd No = Upem; parts APp.  recall based on the clustering results for each ontologg Th
The weight assignment function between two atomic pagstecision and recall are calculated as follows:
simPart(apy,ap2) — [0..1] is defined as:

the number of correctly clustered operations ©)

the total number of operations clustered into the ontology
the number of correctly clustered operations (10)

the total number of operations from the given domain

simPart(apy, aps) = precision=
wy X simName(apy.name, aps.name)+
way X simType(ap1.type, ap;.type)
wherew; + wy = 1. (8)

recall =

As can be seen, perfect precision and recall are achieved
Till now, we have explained the process of calculating thfer three ontologies: communication, food, and educafidre
similarity between two operations. The similarity will bead algorithm mis-clusters 8 travel operations into the medica
to construct operation-level ontologies using data chirsge ontology so the precision for the medical ontology is 70.4%
algorithm and the recall of the travel ontology is 60%.

We choose to use SLINK algorithm [13] for ontology
construction for two reasons. First, SLINK is a hierarchicd- Performance of Ontology Structure Construction

clustering algorithm, which is suitable for constructifiet  We present the performance on ontology structure construc-
hierarchical structure of service ontology. Second, diffé tion in this section. We choose to use a hierarchical clirgjer
from other clustering algorithms, such as kmeans where-“ceflgorithm to further cluster the operations that are assign
troids” need to be computed for clustering, SLINK algorithnp the same ontology. This allows us to directly construet th
clusters objects based on the single-link distance, which Hierarchical structure of the service ontology. Compating
the minimum distance (i.e., maximum similarity) betweey arbntologies generated by this algorithm and manual prodess,
object in the first cluster and any object in the second dlustgeveals a high similarity. Limited by space, we will only sho
This fits for clustering operations since it is not feasilde tthe resultant structure of the travel ontology. Other wui#s
compute “operation centroids”. Although SLINK algoriths i present a very similar structure.
an expensive algorithm with time complexi€y(1M>lgM), it Figure 3 shows the travel ontology structure obtained from
achieves high accuracy on the result. Considering that We oRjerarchical clustering of operations in the travel onggioThe
apply SLINK algorithm to cluster the operations in the samgottom level (i.e., level 0) corresponds to the indices bfre
ontology, the overall process is still efficient. operations that are assigned to this ontology. Table Il gjive
The result of the hierarchical ClUStering is a multi-levieise the detailed information of each of these Operations’ uhn@
ter of service operations. Each cluster represents ana@bstpperation name, input message, and output message. Since
operation, which contains the common functional featurfes ghe input and output of an operation may consist of multiple
service operations grouped in the cluster. parameters, the name and data type of each parameter is also
listed in the table. Some parameters have a complex data type

IV. EXPERIMENTAL STUDY
For example,_ORGANIZATION has a complex data type

We conducted a set of experiments to assess the eﬁect%t includes multiple components, like the size, sub;wamt
ness of the proposed ontology con_struct|on framework. VK%aded by etc. We omit these information for the sake of space
run our experiments on a Mac Pro with 2.66 GHz Quad—CoreAS can be seen in Figure 3, the clustering proceeds in a

pro;:esso_ltr?nd GGB_ DDF:‘?' memor):jun?e(; Mac OStX ?per?tl rarchical fashion. For example, at level 1, the mostlaimi
system. The experiments are conducted on a set ol rea rations are clustered into a set of very cohesive chister

services provided by. To clearly present the e_xperimenta erations in the same level-1 clusters provide identical o
results, we choose a set of representative services from e@é)ry similar functionalities. For example, operations T &

of the five apphggmon doma.ms in the given Web service d"’]‘%’om are used to get surfing destination information for orga
set. Morg s_peC|f|caI_Iy, we include 19_ medical SEIVICES, Iizations. As the clustering process proceeds, more Iposel
communlcanon SErvices, 18 food services, 20 travel seW'Ccoupled clusters are generated. For example, operations 7,
and 26 education services. 8, 0, and 4 are grouped together as a level-2 cluster. These
A. Performance of Relevance-based Ontology Constructiorpperations are used to get the destination information for

The operation ontologies are created by first clusterir?éther surfing or hiking. Obvjously, t.he hierarchical ontol
service operations based on their relevance. The maintatgec©9Y Structure captures more information than a flat ontology

of this step is to group together operations that offer ee|atstructu_re. It not only provides the si_mil_ari@y between ehié_fnt
functionalities. Since the structure of the ontologies @ a operations but also captures the similarity between differ

concern at this point, most existing clustering algorithras  OPeration clusters. Such a structure also greatly faliis in -
identifying abstract operations which can be used to descri

2http://projects.semwebcentral.org/projects/owls-tc the functionalities of the operation ontologies. As an eplm



TABLE |
RESULT OF RELEVANCE-BASED CLUSTERING

Ontology name Operations Precision Recall

Communication ontology 19 communication operations 100% 100%

Food ontology 18 food operations 100% 100%

Medical ontology 19 medical operations 70.4% 100%
8 travel operations

Travel ontology 12 travel operations 100% 60%

Education ontology 26 education operations 100% 100%

we identify three abstract operatiors, A1, and A5: Ay can services in a domain as input and uses machine learning ap-
be regarded as a very generic travel related operation; proaches to incrementally learn domain ontologies. DeepMi
can be regarded as an abstract operation that providesgsuréibserves the query interfaces and data pages of the web sites
and/or hiking related information; and, can be regarded A base ontology is first generated from the query interfaces.
as an abstract operation that provides accommodatioredelabeepMiner then grows the ontology by investigating more
information. If needed, more abstraction operations can bd#ormation from the data pages. SLINK algorithm is used
easily identified by just following the hierarchical ontglo to discover distinctive concepts over multiple interfaces
structure. The approaches proposed in [12] and [15] mainly focus on
The ontology hierarchy enables easy service discovery ah@main ontologies, which capture the data-level concepds a
seamlessly dynamic service replacement. For example, itheir relationships. The resource used for deriving omjplo
user looks for services that provide destination inforomati consists of the query interfaces and data pages of web sites.
for either surfing or hiking, operations 7, 8, 0 and 4 ar®ur work focuses on service ontologies, which treats sesyic
returned according to the ontology hierarchy. Higher amcyir more specifically, service operations as first-class objantl
can be achived using this ontology hierarchy based approaepture their common functional features and relatiorsship
compa_red to keywords basgd search. As another exf"‘m@?'Semantic Extraction from WSDL
operation 7 can be dynamically swapped with operation 0 i )
without disruption to the workflow that operation 7 belongs In [17],_a co—cluste_n_ng approach is proposed _to_generate
to, when operation 7 becomes unavailable. This is becat)@lsb service communities based on WSDL descriptions. The

that operation 7 and O are clustered together at the samie I&RProach improves the precision and recall of community
of the hierarchy reveals their replaceability. generation by clustering Web services and operationsheget

It builds up a service matrix and an operation matrix based on
V. RELATED WORK their term TF/IDFs. The similarity between a Web service and
an operation is computed as a dot product of the service vecto

Our work is related to two topics: developing ontology fog g the operation vector. A co-occurrence matrix of sesvice
Web services and extracting semantics from WSDL docyng gperations is modeled as an undirected bipartite graph
ments. In this section, we discuss some representativiedela, hich consists a set of service nodes, a set of operatiorspode
works and differentiate our approach from them. and the edges between them. Each edge is weighted as the
similarity between the corresponding service and opearatio
Based on the bipartite graph model, the Singular Vector

The approach proposed in [12] aims to automaticallpecomposition (SVD) approach is used to group related Web
generate domain ontologies for Web services in a giveervices and operations into the same communities.
domain. The ontological bootstrapping process takes WSDLThe work proposed in [5] applies a clustering algorithm,
descriptions and free text descriptions of Web services @siality Threshold (QT), to cluster Web services into fuoisti
input. It first extracts terms from a WSDL document andlly similar service groups. It measures the similaritywesn
then computes the TF/IDF for each term. The terms havimgo services by comparing the elements in WSDL documents,
high TF/IDF will be selected. Meanwhile, it also performsncluding service names, complex data types, messages, por
Web context extraction to produce a set of context desesgptoTypes, as well as terms.
which have the most references in number of Web pages and’he approaches in [17] and [5] generdiat service
in number of appearances in the WSDL documents. The tersmmmunities. In contrast, our approach generates a service
that appear in the result of both the TF/IDF computation amhtology, which builds up a hierarchical structure on sgvi
Web context extraction will be considered as potential epic functionalities. In addition, the approach proposed in [5]
names. The concept relationships can be generated by usinty considers two comparison results: matched or unmétche
context descriptors. The current ontology will be verifiedia when comparing between two elements. This does not conform
evolved by the free text description of the Web service.  to the fact that two elements can also be partially matched.

In [15], a system, “DeepMiner” is proposed to automaticallyWhen comparing between two sets of terms, it computes the
derive domain ontologies for semantically marking up Wesimilarity between all pairs of terms from the two sets and
services. It takes a set of web sites that potentially pwViitb averages the sum as the final result. However, the comparison

A. Ontology Development



TABLE Il
OPERATIONS IN THETRAVEL ONTOLOGY

ID [[ Operation name Input message Output message

0 get DESTINATION [_SURFING, (xsd:string)] [_DESTINATION, (xsd:string)]

1 get NATIONALPARK [_SURFING, (xsd:string)] [_NATIONALPARK, (complex)]

2 get CITY [_GENERIC-AGENT, (xsd:string)], [_CITY, (complex)]
[_SURFING, (xsd:string)]

3 get CITY [_HIKING, (xsd:string)], [_CITY, (complex)]

[_SURFING, xsd:string)]

[_HIKING, (xsd:string)],

[_SURFING, (xsd:string)]

[_HIKING, xsd:string)],

[_SURFING, (xsd:string)]
[_LORGANIZATION, (complex)],
[_SURFING, (xsd:string)]
[_LORGANIZATION, (complex)],
[_SURFING, (xsd:string)]
[_ORGANIZATION, (complex)],
[_SURFING, (xsd:string)],

[_LPERSON, (complex)]
[_GEOPOLITICAL-ENTITY, (xsd:string)],
[_TIME-MEASURE, (xsd:string)],
[_CITY, (complex)]
[_GEOPOLITICAL-ENTITY, (xsd:string)],
[_TIME-MEASURE, (xsd:string)],
[_CITY, (complex)]
[_GEOPOLITICAL-ENTITY, (xsd:string)],
[_TIME-MEASURE, (xsd:string)],
[_CITY, (complex)]

®
Level 5 /J\
Level 4 \Ay

Level 3

Level 2 s @

Lovel 1 52@ ® ® ®

An abstract operation that denotes the generic travel related functionalities

4 get DESTINATION [_DESTINATION, (xsd:string)]

5 | geLNATIONALPARK [_NATIONALPARK, (complex)]

6 get CITY [_CITY, (complex)]

7 get DESTINATION [_DESTINATION, (xsd:string)]

8 |[ geLDESTINATION [_DESTINATION, (xsd:string)]

9 || geLACCOMMODATION [_ACCOMMODATION, (xsd:string)]

10 || get BEDANDBREAKFAST [_BEDANDBREAKFAST, (xsd:string)]

11 || get HOTEL [_HOTEL, (xsd:string)]

An abstract operation that provides surfing and/or hiking related functionalities

An abstract operation that provides accommodation related functionalities

Fig. 3. The Hierarchical Travel Ontology Structure

between two unrelated terms may be meaningfulness. In dunction to compute the similarity between names, openatio
work, we look into the internal structure of elements (e.gnames, and parts. The work also utilizes Wordnet to solve the
messages and parts) when measure community and acsgptactic conflicts between synonyms. URBE is then extended
partial matching. We also use bipartite graph model to improto compute similarity between semantically annotated Web
the accuracy of similarity calculation. service descriptions, i.e., SAWSDL documents.

In [10], URBE (Uddi Registry By Example) is proposed to In [6], an approach for measuring similarity between two
intelligently retrieve Web services based on similaritpeen WSDL documents is proposed aiming to improve the work
Web service interfaces. The similarity between two WSDIn [10]. The improvement has been made in two aspects. First,
documents is computed based on the elements and the teitnuises Web search engines to compute the similarity between
included in the documents. It defines a maximization fumctidwo terms, instead of relying on Wordnet, The purpose is to
to calculate the similarity between the elements in two,setmprove the accuracy and flexibility, as well as to captue th
based on a bipartite graph model. It then uses the maximizatimplied connections between two terms. Second, it proposes



two-phase similarity metrics to deal with unbalanced Hipg&r [10] P. Plebani and B. Pernici. URBE: Web service retrievakdd on

graphs. This is due to the observation that the unmatched similarity evaluation. IEEE Transactions on Knowledge and Data
. bal d bi . h h i Engineering 21:1629-1642, 2009.
terms in an unbalanced bipartite graph may have effects @iy y. sahami and T. D. Heilman. A web-based kernel function

the similarity, which is ignored in work [10]. The first phase  measuring the similarity of short text snippets. Rmoceedings of the

similarity follows the same process proposed in [10]. In the_ 15th interational conference on World Wide W&WW '06, 2006.
A. Segev and Q. Z. Sheng. Bootstrapping ontologies feb services.

. . 12
secqnd phase, the unmatche(_j t?rms and their Welghts [aré IEEE Transactions on Services Compufi®§(PrePrints), 2010.
considered to compute the similarity. [13] R. Sibson. SLINK: An optimally efficient algorithm fohé single-link
The work proposed in [10] and [6] computes the similarity _ cluster method.The computer journal16:30-34, 1973.
b prop . f[ ] [ ] h P d 14] WSMO Working Group. Web Service Modeling Ontology (W&W
etween two WSDL interfaces to match user requests and ser- hittp:/AWW.WSmo.0rg/2004.

vice providers or find a substitute service. Our work focuses [15] W. Wu, A. Doan, C. Yu, and W. Meng. Bootstrapping domairictogy

constructing operation-based ontology for Web servicéschy for semantic web services from source web siteslnliProceedings of
. . . . . . the VLDB-05 Workshop on Technologies for E-Servigeges 11-22,
defines a hierarchical structure for service functioresitior 2005.

efficient usage of Web services. We consider both relevaricg Q. Yu, X. Liu, A. Bouguettaya, and B. Medjahed. Deplayirand

and similarity when comparing service operations. Based on ma”aglng ng Seg’iceS: iszso%‘;s' solutions, and directidie VLDB
. . Journal 17:537-572, Ma; .
the relevance, we cluster related service together to def[@g Q. Yu and M. Rege. 0nysen,ice community learning: A castéring

service ontologies and generate their contents (i.e.,@ahéce approach. INCWS 2010 pages 283-290, 2010.

operations in a service ontology). Based on the similawity, [18] Q- Yu, M. Rege, A. Bouguettaya, B. Medjahed, and M. OuzzaA
build the int | struct i . toloqi two-phase framework for quality-aware web service saectiService
ulla up the Internal structure otf service ontologies. Oriented Computing and Applicationd:63—79, 2010.

VI. CONCLUSION

We present a bottom-up approach to bootstrap operation-
level ontologies for Web services. The ontology constaorcti
is based on the calculation of relevance and similarity of
service operations. We model service operations as term vec
tors and apply kmeans algorithm to efficiently measure their
relevance. Service ontologies are formed and their cositent
are determined based on the relevance. We then compute the
similarity between two operations in a service ontology and
apply SLINK algorithm to build up the internal structure bét
ontology. In the future work, we plan to apply our approach
to semantic service descriptions, such as OWL-S, where more
information (e.g., preconditions and effects) can be uged t
better construct service ontologies.
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