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Abstract— Taxonomy construction for web services has several
benefits. Its main benefit is that it reduces the amount of time
needed for discovering services. In this paper, we propose an
algorithm for semi-automatically creation of service taxonomies
from services registered in some registries. This algorithm is
based on agglomerative clustering of services and most of the
steps of the algorithm are done automatically. In fact, assignment
of names to the created clusters is the only semi-automatic
part of the algorithm. We implemented our method and the
experimental results of applying it on a sample test collection
show the effectiveness of the idea.

I. I NTRODUCTION

Web Services are loosely coupled software components that
are published, located and invoked across the web. Recently,
web services have gained an increasing popularity. Today, not
only web services are used in dynamic business-to-business
interactions, but they are also used in the area of business-to-
consumer or even peer-to-peer interactions.

Universal Description, Discovery, and Integration (UDDI) is
one of the main industry standards for web service registries.
The search mechanisms provided by most UDDI registries are
based either on keyword search or browsing through prede-
fined hierarchical business categories [1]. Keyword search is
known to have the drawback that users may be confronted with
many irrelevant search results due to such issues as synonyms
and word ambiguity. Consequently, users may have to spend
a lot of time, browsing through the results to identify the web
services that most closely meet their demands.

The Semantic Web approaches to web services give us the
ability to describe the semantics of web services and their
capabilities in a formal and machine-processable manner. A
lot of researches such as [2], [3], [4] are done for improving
the precision of service discovery techniques using semantic
annotations that are provided for web services. However, in
most of these techniques, the service requester must specify
the outputs he requires and the inputs he can provide for the
service. But the problem is that most of the service requesters
do not have a clear vision of their request, and therefore
can not precisely describe their requests by specifying the
input/output parameters.

If the web services are categorized well, browsing through
predefined categories may be a better alternative for service
discovery. Currently, there are some standard service cate-
gorization schemes, such as the North American Industry
Classification System (NAICS) [5] and the United Nations
Standard Products and Services Code (UNSPSC) [6]. But
the problem with these standards is that they are developed
for categorizing general services and not specifically for web

services. The result is that when using these standards for
categorizing web services existing in a service registry, there
would be a lot of categories that contain no service and on
the other hand some categories may contain a lot of services.
Therefore using these standards for categorizing web services
would not lead to good results.

In this paper, we introduce a clustering based approach for
semi-automatically taxonomy construction for web services
that are registered in a service repository. Section II, describes
how hierarchical clustering algorithms can be used for au-
tomatic taxonomy construction and describes application of
these algorithms for the web services domain. Sections III &
IV introduce two clustering methods that use two different
similarity measures for determining the similarity of services
using their corresponding service descriptions. Experimental
results of our proposed algorithms are presented in section
V. Related works are explored in section VI and finally a
conclusion is given in the last section.

II. CLUSTERING-BASED TAXONOMY CONSTRUCTION

By clustering we mean the grouping of services into classes
of similar services. A cluster is a collection of services that
are similar to one another and dissimilar to services in the
other clusters [7]. Clustering algorithms seek to segment
the entire data set into relatively homogeneous subgroups
or clusters such that similarity within a group is very high
while the similarity to services in other groups is very low.
In other words, as shown in Fig. 1, clustering algorithms
seek to construct clusters of records such that the between-
cluster variation (BCV) is large compared to the within-cluster
variation (WCV) This is somewhat analogous to the concept
behind analysis of variance (Fig. 1).

Clustering algorithms are eitherhierarchical or non-
hierarchical. In hierarchical clustering, a tree-like cluster
structure is created through recursive partitioning (divisive
methods) or combining (agglomerative) of existing clusters.
Agglomerative clustering methods initialize each object to be
a tiny cluster of its own. Then, in succeeding steps, the two
closest clusters are aggregated into a new combined cluster. In
this way, the number of clusters in the data set is reduced by
one at each step (Fig 2). Eventually, all web services are com-
bined into a single huge cluster. We can use several criteria for
determining distance between arbitrary clusters A and B such
assingle linkage, complete linkageor average linkage. Single
linkage is based on the minimum distance between any object
in cluster A and any object in cluster B. Complete linkage is
based on the maximum distance between any object in cluster



Fig. 1. Clusters should have small within-cluster variation compared to the
between cluster variation

Fig. 2. Bottom up Clustering

A and any object in cluster B. Average linkage is designed
to reduce the dependency of the cluster-linkage criterion on
extreme values, such as the most similar or dissimilar objects.
The most widely used nonhierarchical clustering methods are
k-Means andk-Medoids. These methods require the user to
specify the number of clusters,k, prior to a cluster analysis.

Because of producing a tree-like cluster structure, hierar-
chical clustering algorithms can be used for taxonomy con-
struction. In this paper, we describe how a service taxonomy
can be built using a variation of the agglomerative clustering
method. In our method, services are represented as vectors
(in section III, it is showed how it is possible to represent
services as vectors). After creating the hierarchical clusters,
the Within Cluster Variation (WCV) is calculated for each
cluster as follows:

WCVCi
=

∑
Sj∈Ci

(1− CosineSim(Sj , C))

|Ci|

Where |Ci| is the number of services that are located in
clusterCi andC is thecentroidof this cluster. Havingn data
points (a1, b1, . . . , c1), (a2, b2, . . . , c2), . . . , (an, bn, . . . , cn),
the centroid of these points is the center of gravity of these
points and is located at point(

∑
ai/n,

∑
bi/n, . . . ,

∑
ci/n).

CosineSim(−→Sj ,
−→C ) is the cosine similarity of vectors ofSj

Fig. 3. Construction of Taxonomy from hierarchical clusters

andC:

CosineSim(−→Sj ,
−→C ) =

−→
Sj ·

−→C
|−→Sj | × |−→C |

The Within Cluster Variation is a measure of the quality
of the cluster. The smaller the value of the WCV the more
similar the clusters are. Left side of Fig. 3 shows the result of
an agglomerative clustering method. In this figure the WCV
value of each cluster is showed near that cluster. Our purpose
is to create a good taxonomy based on this structure. As you
can see in the figure the{A,B} cluster has a rather low WCV
value. This means that servicesA and B are very similar to
each other. Therefore why should we divide this cluster into
separate clustersA andB in our taxonomy. In fact, whenever
the WCV value of a cluster is lower than a threshold value
Tα it is not needed to further divide this cluster into smaller
clusters. Therefore after creating the hierarchical clusters, we
traverse the structure using a top-down fashion and whenever
we reach to a cluster with a WCV value lower thanTα all of
the sub trees that are children of this cluster are deleted from
the structure. Applying this algorithm withTα = 0.3 on the
left hand side structure of Fig. 3 will result in deleting clusters
{A}, {B}, {D}, {E} from the structure.

On the other hand, when the WCV value of a cluster is
higher than a threshold valueTβ , services in this cluster are
not so much similar to each other and therefore clustering
them into a group is not good enough and it is better to
remove these clusters from the structure. The root cluster of
the structure which contains all of the services is an exception
of this algorithm and it is preserved in the structure without
considering its WCV value. Applying this algorithm with
Tβ = 0.6 on the left hand side structure of Fig. 3 will result
in deleting the{D,E, F} cluster from the structure. After
finishing this, it may happen that some of the clusters do not
have parent clusters. In these cases the root cluster would be
considered as their parent.

The right hand side of Fig. 3 shows the final structure that
is obtained by applying the above steps on the algorithm.
Clusters of this structure contain services that are similar to
each other and therefore it can be used as a taxonomy of
services.

Cluster Naming

An important part of taxonomy construction algorithms is
choosing relevant names for final clusters. For naming clusters,



Cluster Services Suggested Naming Keywords

Book information finder, ISBN Finder, Get Book ISBN, ISBN Book Search ISBN, Book

Get Birth Place, Get Birth Date Born, Person

Get Therapist Available Schedule, Get Therapy Price, Make Therapy Schedule Therapist , Therapy

Yahoo Stock Quote, Stock Quote Company, Stock Quote Symbol, Quote

TABLE I

SAMPLE SUGGESTIONS FORNAMING CLUSTERS

we used a semi-automatic approach. In our approach, terms of
descriptions of services in each cluster are extracted and using
the tf-idf [8] weighting method the most weighted terms are
suggested to a human expert for using them in naming the
clusters. Table I shows some of the proposed keywords for
naming some of the clusters that are created after applying our
taxonomy construction technique on the test collection which
is introduced in section V.

Detecting outliers

Sometimes it happens that although the WCV value of a
cluster is within the threshold valuesTα andTβ , a few services
in the cluster are far from the centroid of the cluster. These
kind of services are calledoutliers and if a cluster contains
such services it is not a good cluster.Z-score standardization,
is a very widespread method in the world of statistical analysis
for finding outliers. It works by taking the distance of the
service to the centroid and scaling this distance by the standard
deviation of the distances of other services to the centroid of
the cluster. According to Chebyshev theorem [9] almost all
the observations in a data set will have Z-score less than 3
in absolute value. Therefore, the services with Z-score greater
than 3 or smaller than -3 will be outliers.

Clustering Web Services

Clustering methods described in the previous section, use
the degree of similarity of services to find out whether they
should be grouped in the same cluster or not. Therefore a
similarity measure is needed for clustering web services.

OWL-S [10] is a proposed language for describing semantic
metadata about web services, which is based on the OWL [11]
ontology language. The OWL-S ontology is organized in three
modules: theService Profilemodule describes the functionality
of the service; theService Modelmodule describes how it does
it; and theService Groundingmodule describes how to access
the service. The semantics of inputs and outputs of a service
are specified in the service profile section by mapping each
input/output parameter to a concept which is defined in an
OWL ontology.

In the next two sections, we introduce two clustering meth-
ods that use two different similarity measures for determining
the similarity of services using their corresponding OWL-S
annotations.

III. A TTRIBUTE-BASED CLUSTERING

Each web service has a number of features or attributes
that describe its behavior. Using these attributes, we can
find similar services (i.e. those services with similar at-
tributes). Input/output parameters and textual descriptions of
services are good attribute candidates. For example, services
that receive/generate information about aHotel as their
inputs/outputs parameters, with a high probability must be
clustered in the same cluster.

In the attribute-based clustering method, anattribute vector
is created for each of the services. Services can be represented
as vectors−→sk = (a1k, a2k, . . . , ank) whereaik is the weight
of attribute i in the description of servicesk. If aik is an
input/output parameter then its weight is calculated as follows:

aik =

 1/fi, if sk contains ak

0, otherwise

Where fi is the frequency of this attribute in the service
collection. Attributes that are very frequent in the collection
of services are not good distinguishing attributes. Therefore
their weight must be reduced in the attribute vector. This is
why attribute weights are divided by the frequency of their
occurrences.

On the other hand, thetf–idf weighting method can be
used for determining weight of textual attributes. According to
this weighting method, the importance of a termi in service
descriptionj is:

aij = tfij × idfi = tfij × log(
N

ni
)

wheretfij is the frequency of termi in service descirptionj;
N is the number of descriptions in the collection; andni is
the number of the descriptions in the collection that contain
term i. Terms are extracted from textual parts of the service
description after removing common words and extracting the
base form1 of them using WordNet [12].

Using terms as attributes of services has also some prob-
lems. For example, although termsBook and Reserve in
servicesBook Hotel andReserve Hotel has the same
meaning in the vector space model they are represented as
different terms. For handling this problem, we used WordNet
for finding synonyms of terms. Before adding a new term to
the terms vector, we first check whether one of its synonyms

1For exampleReservationwould be converted toReserve



is currently available in this vector and only if non of its
synonyms is in the terms vector this term is added.

As a very simple example suppose the registry contains
only two services, namelyS1 and S2. ServiceS1 receives a
person#SSN, returns his/her#Address and its description is
“This service receives the SSN of a person and returns his/her
address”. On the other hand, serviceS2 receives the#SSN
of a person, returns his/her#BirthDate and its description
is “This service receives the SSN of a person and returns
his/her birth date”. The extracted attributes would be{#SSN,
#Address, #BirthDate, service, receive, SSN, person, return,
address, birth, date}, whereSSN,Address,BirthDate are
extracted from input/output parameters and the other attributes
are extracted from the textual description of these services.
Note that some of the words such asthis and the are very
common in English language and therefore they are not good
candidates for being attributes. These kinds of words are
ignored when extracting attributes using a list of common
English words. Table II shows the extracted attributes and their
corresponding weights in each service. Each row of this table
represents the attribute vector of one of the services.

IV. SIMILARITY -BASED CLUSTERING

This clustering technique, is based on a measure of similar-
ity of services. Suppose that we have a similarity measure
that given two servicesS1 and S2 returns their similarity,
Sim(S1, S2), which is a number between 0 and 1. In our
similarity-based clustering, based on this similarity measure,
the similarity of each pair of services is determined. Next the
most similar services are selected and if they are not in the
same cluster, their clusters are merged.

The semantics of inputs and outputs of a service are
specified in the service profile section of OWL-S description
of that service by mapping each input/output parameter to a
concept which is defined in an OWL ontology. Therefore,
in order to calculate the semantic similarity between inputs
and outputs of two services the semantic similarity of their
corresponding OWL concepts can be measured. In section IV-
A, we describe a method for calculating the degree of semantic
similarity between two OWL concepts. This method will then
be used in section IV-B for measuring the degree of functional
similarity between two services. Section IV-C shows how the
textual descriptions that are provided in service descriptions
can be extracted and be used as an alternative measure of
similarity of services. In section IV-D, we describe how the
functional and textual similarity measures can be combined to
provide a compound measure for semantic similarity of web
services.

A. Concept Similarity

In this section, we describe a method for measuring the
degree of similarity of two OWL concepts. This measure will
then be used in next section for determining the degree of
functional similarity of two services.

Definition 1 (Concept Similarity):A similarity σ : C×C →
[0, 1] is a function from a pair of concepts to a real number

between zero and one expressing the degree of similarity
between two concepts such that:

1) ∀x ∈ C, σ(x, x) = 1
2) ∀x, y ∈ C, σ(x, y) = σ(y, x)
Ontologies define properties of concepts and relationships

between them. One of these relationships is theIS–A re-
lationship. We use this relationship for extracting concept
taxonomies from ontologies. IfC is the set of concepts defined
in an ontology then the concept taxonomyT is defined as
T 〈C,�〉 such thatc � c′ means thatc IS–A c′ (conceptc is
subsumed by conceptc′).

For calculating the degree of similarity of two concepts,
we use a slightly modified version of the algorithm which
is introduced in [13]. The concept similarity is defined as:
σ(c, c′) = 1 − δ(c, c′), where δ(c, c′) denotes the weighted
distance of these two concepts in the taxonomy. A weight
valueω(c) is assigned to each conceptc in the concept taxon-
omy. Since the distance between two given concepts represents
the path over their closest common parent,ccp(c1, c2), it is
calculated as the sum of the their distances two their closes
common parent:

δ(c1, c2) = [ω(ccp(c1, c2))−ω(c1)]+[ω(ccp(c1, c2))−ω(c2)]

The weight values of concepts in the taxonomy are calculated
with the following formula:

ω(n) =
1

kl(n)+1

where l(n) is the length of the longest path from the root
concept to noden in the taxonomy andk is a predefined
factor larger than 1 indicating the rate at which the weight
values decrease along the taxonomy (currently we setk equals
2). This formula has to desirable properties: the semantic
differences between upper level concepts are bigger than those
between lower level concepts (in other words: two general
concepts are less similar than two specialized ones) and that
the distance between sibling concepts is greater than the
distance between parent and child concepts. For example, in
Fig. 4, similarity degree betweenTruck andSport Carcan be
calculated as follows:

ω(V ehicle) = 0.5
ω(Truck) = 0.25

ω(SportCar) = 0.125
δ(Truck, V ehicle) = 0.5− 0.25 = 0.25

δ(SportCar, V ehicle) = 0.5− 0.125 = 0.375
δ(Truck, SportCar) = 0.25 + 0.375 = 0.625
σ(Truck, SportCar) = 1− 0.625 = 0.375

For calculating the closest common parent of two concepts,
first their common parents are determined as follows:

PS(c, T ) = {c′ ∈ T ; c � c′}

CP (c1, c2) = PS(c1, T ) ∩ PS(c2, T )



Functional Attributes Textual Attributes

Service Name #SSN #Address #BirthDate service receive SSN person return address birth date

S1 0.5 1.0 0.0 0.0 0.0 0.0 0.0 0.0 0.3 0.0 0.0

S2 0.5 0.0 1.0 0.0 0.0 0.0 0.0 0.0 0.0 0.3 0.3

TABLE II

ATTRIBUTE VECTORS OF TWO SAMPLE SERVICES

Fig. 4. An example concept taxonomy

In the above formulae,PS(c, T ) is the set of parents of
conceptc derived from taxonomyT , and CP (c1, c2) is the
set of the common parents of conceptsc1 andc2. The closest
common parent of these two concepts is the concept in
CP (c1, c2) with the smallestω value (this is because that the
concept with the smallestω value has the longest path to the
root of the taxonomy and hence it is the most specific concept
in the set):

x = ccp(c1, c2) ⇔

x ∈ CP (c1, c2) ∧ ∀y ∈ CP (c1, c2);ω(y) ≥ ω(x)

B. Functional Similarity

A good measure for calculating the degree of similarity
of two services is the degree of similarity between their
functional properties such as their inputs and outputs. In
this section, we describe a method for calculating the degree
of input/output similarity of services based on the semantic
similarity measure that we introduced in the previous section.

Each service has a set of inputs and a set of outputs and
each input/output parameter is semantically annotated with
mapping it to an OWL concept. Therefore, the problem here
is to calculate the similarity of two sets of concepts. Using
the concept similarity measure of the previous section, we are
able to calculate the similarity of each pair of concepts in
these two sets. Then the best mapping between the elements
of these two sets of concept must be found. This can be shown
by a bipartite graph in which each part shows one of the sets
of concepts and edges show the similarity of concepts that are
connected to them. Fig. 5 shows one such mapping.

FunctionΠ(C1, C2) which is defined in Fig. 6 computes the
best mapping that can be obtained between concepts of sets
C1 and C2 (the mapping that maximizes the overall degree
of similarity of pairs). By using this recursive function, we
can determine the similarity of input sets of two services,

Fig. 5. A Mapping between inputs of two services

Π(I1, I2), and also the similarity of output sets of these two
services,Π(O1, O2). Then the functional similarity of the two
services can be defined as the average of these values:

FunctionalSim(S1, S2) =
Π(I1, I2) + Π(O1, O2)

2

C. Text based Similarity

Sometimes two similar services have inputs and outputs that
are mapped to different concepts in the reference ontology. In
these situations, using the pure functional similarity measure
of the previous section would fail and these two services
would not be detected as similar. Therefore, it is needed
to combine another similarity measure with the functional
similarity measure for better results.

Service descriptions often contain parts which include tex-
tual information and the similarity of terms which are in
these parts of the service descriptions can be used as an
alternative measure for similarity of services. Information
retrieval methods for finding similar documents can be used
here. Vector model [8] is a well known method in this area.
Using this model, services can be represented as vectors
−→sk = (w1k, w2k, . . . , wnk) where wik is a weight for term
i in the description of servicesk. Then similarity of services
would be the cosine of the angle between their corresponding
vectors. Terms are extracted from textual parts of the service
description after removing common words and extracting the
base form2 of them using WordNet [12]. Then thetf–idf [8]
weighting method is used for determining weight of each term.
According to this weighting method, the importance of a term

2For exampleReservationwould be converted toReserve



Π(C1, C2) =


maxc1∈C1,c2∈C2{Π(C1−c1,C2−c2)+Sim(c1,c2)}

min{|C1|,|C2|} , C1 6= φ,C2 6= φ

0, C1 = φ ∨ C2 = φ

Fig. 6. Function that computes the best mapping between concepts of setsC1 andC2

i in service descriptionj is:

wij = tfij × idfi = tfij × log(
N

ni
)

wheretfij is the frequency of termi in service descriptionj;
N is the number of service descriptions in the collection; and
nk is the number of service descriptions in the collection
that contain termi. Textual similarity of services would be
calculated as follows:

TextSim(S1, S2) =
−→
S1 ·

−→
S2

|−→S1||
−→
S2|

D. Compound Similarity

Our experimental results which are presented in the next
section, show that neither the functional similarity nor the tex-
tual similarity measure individually can have a good precision
and it is better to combine these two measures for reaching to
a better similarity measure. We used a linear combination of
these two measures as follows:

Sim(S1, S2) = ωf .FunctionalSim(S1, S2)
+ ωt.T extSim(S1, S2)

ωf + ωt = 1

The question here is how to find the best values ofωf

and ωt. We used the Neural Networks [7] model for this
purpose. Since neural networks produce continuous outputs,
they may quite naturally be used for estimation and prediction.
After creating the neural network with a data mining tool and
training it with the test collection which is discussed in the next
section, we found that in this test collection the best values
for ωf andωt areωf = 0.603 andωt = 0.397 (the estimated
accuracy of this result was 99.29). The neural network that
was constructed for our training set had two hidden layers
with 13 and 8 neurons respectively.

The advantage of this clustering method over the attribute-
based clustering is in its time complexity. The time complexity
of the attribute-based clustering method isO(n3) [14], while
time complexity of the Similarity-based Clustering method is
O(n2) (n is the number of services). This is because that in
O(n2) similarity of then2 pairs of services is determined and
then in one path over the result clusters are created.

V. EXPERIMENTAL EVALUATION

For evaluating the methods which are proposed in previous
sections, we semi-automatically built a test collection of 241
OWL-S service descriptions which use a reference ontology
with 494 concepts3. In order to have better results, most of

3This test collection is publicly available at http://projects.
semwebcentral.org/projects/sws-tc

the service descriptions are extracted from real word services
that are publicly available on the web. Most of the structure
of the taxonomy of the referenced ontology is also based on
the hierarchy of the words in WordNet. Services are grouped
into 25 different domains such as Travel, Education, Shopping
and News.

For evaluating the proposed clustering technique, we used
theRecallandPrecisionmetrics.Recallis the extent to which
the method createsall of the good clusters whilePrecisionis
the extent to which the method createsonly good clusters. In
order to determine whether a cluster is good or not we use the
domain of services that are specified by a human expert for
each of the services in the test collection.

In the agglomerative clustering method which we used for
creating the taxonomy, in each step the two most similar
clusters are merged with each other. Therefore in each step,
a new cluster is created. After creating clusters, the domain
information of services is used to determine whether this
cluster is a good cluster or not. Table III shows some of the
first steps of one such clustering. In this table, five of the
created clusters are good clusters while one of them is not a
good cluster. In the first row of the table when we detect one
of the five good clusters, the recall value would be 0.2 and the
precision value is 1.0 (because no bad cluster is created up to
that point). Similarly, in the 4th row of the table, a bad cluster
is created and because before that row we have seen three of
the five correct clusters the recall value would be 0.6. On the
other hand, because three of the four created clusters are good
clusters the precision would be 0.75. But because we have
another precision value for the 0.6 recall level the maximum of
these precision values would be considered for this recall level.
The other recall and precision values are calculated similarly.

Fig. 7 shows the precision and recall values of the two
clustering algorithms of section II on our test collection. As
can be seen in this figure, the precision of the two algorithms
in most of the recall levels is greater than 0.8 which is a quite
acceptable precision. However the similarity-based clustering
method results in better clusters. It should be noted that in our
experiments, we evaluated the three methods of determining
clusters distances, namely single linkage, average linkage,
complete linkage. Our results showed that the average linkage
method has a better precision that the two other methods.
Therefore the results which are shown in Fig. 7 are based
on the average linkage method.

Fig. 8 shows parts of the taxonomy that was created by
applying our proposed method on the test collection. As can
be seen in this paper, most of the services that are related to
book shopping and book information gathering are clustered
in the same cluster.



Created Cluster Belong to the same domain? Recall Precision

{SSN Finder, Social Security Number Finder} Yes 0.2 1.0

{Get Book ISBN, ISBN Finder} Yes 0.4 1.0

{Address Finder, Address Book} Yes 0.6 1.0

{SSN Finder, Social Security Number Finder, Get State Center} No 0.6 max{1.0, 0.75} = 1.0

{Send Email, Email Sender} Yes 0.8 0.8

{Send Email, Email Sender, Send Simple Email} Yes 1.0 0.83

TABLE III

A SAMPLE CALCULATION OF THE PRECISION AND RECALL VALUES

Book information Finder
ISBN Finder

Get Book ISBN
ISBN Book Search

Book Look up

Book In Stock Find Book Library

Find Book Library
Book In Stock

Book Author Finder Book Price

Book Author Finder
Book Price

Book Author Finder
Book Price

Find Book Library
Book In Stock

Book Search Get Author By Title

Get Author By Title
Book Search

Book Author Finder
Book Price

Find Book Library
Book In Stock

Get Author By Title
Book Search

Book information Finder
ISBN Finder

Get Book ISBN
ISBN Book Search

Book Look up
Book Author Finder

Book Price
Find Book Library

Book In Stock
Get Author By Title

Book Search

...

...

Fig. 8. Parts of the taxonomy created for services of the sample test collection

Fig. 7. Recall and Precision diagram of the proposed algorithm

VI. RELATED WORKS

As far as our knowledge, this paper is the first work that
discusses taxonomy construction for web services. [15], [1]
have used clustering methods for improving service discovery
techniques. In [15] a similarity-based approach is used for
searching Web Services described in WSDL. Authors have
built a web service search engine, Woogle, that supports
searching for web service operations similar to a given one.
Their tool also supports searching for web service operations
composable with a given one. It only uses information avail-
able in WSDL files, but clusters it, based on the names of the
fields, in an effort to extract semantically meaningful concepts.

In [1], authors have used some of the clustering algorithm
for dividing services into similar groups. They have also
provided some experimental results, but their data set contains



only 33 WSDL service descriptions and it is hard to evaluate
their work.

[16] describe how machine learning and clustering tech-
niques can be used to attach semantic metadata to Web forms
and services. It explore the use of machine learning techniques
to automatically create such metadata training data. The au-
thors investigate the following three sub-problems, which are
essential components to any tool for helping developers create
Web Services metadata. They propose to cluster Web Services
in order to automatically create category taxonomy. They begin
by describing an algorithm for classifying HTML forms into
semantic categories, as well as assigning semantic labels to
each form field.

VII. C ONCLUSIONS ANDFUTURE WORK

In this paper, we proposed a clustering based taxonomy
construction algorithm for automatic creation of service tax-
onomies. We showed how taxonomies can be generated using
the result of agglomerative clustering methods. Then we intro-
duced attribute-based clustering and similarity-based cluster-
ing as two different approaches for detecting the most similar
clusters in the bottom-up clustering method. Experimental
evaluations of the algorithm show that clustering algorithm
that is used in the process of taxonomy construction has a
high precision.

We plan to improve the precision of the attribute-based clus-
tering by using Natural Language Processing (NLP) methods
in extracting textual attributes of services. We also plan to use
the generated taxonomies to improve the precision of service
discovery algorithms.
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