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Modeling and Exploiting Tag Relevance for
Web Service Mining
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Abstract—Web service tags, i.e., terms annotated by users to describe the functionality or other aspects of Web services, are
being treated as collective user knowledge for Web service mining. Since user tagging is inherently uncontrolled, ambiguous, and
overly personalized, a critical and fundamental problem is how to measure the relevance of a user-contributed tag with respect
to the functionality of the annotated Web service. In this paper, we propose a hybrid mechanism by using WSDL documents and
service-tag network information to compute the relevance scores of tags by employing semantic computation and HITS model,
respectively. Further, we introduce tag relevance measurement mechanism into three applications of Web service mining: 1)
Web service clustering; 2) Web service tag recommendation; and 3) Tag-based Web service retrieval. To evaluate the accuracy
of tag relevance measurement and its impact to Web service mining, experiments are implemented based on Titan which is
a Web service search engine constructed based on 15,968 real Web services. Comprehensive experiments demonstrate the
effectiveness of the proposed tag relevance measurement mechanism and its active promotion to the usage of tagging data in

Web service mining.
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1 INTRODUCTION

EB service! has become an important paradigm

for developing Web applications. Especially the
emergence of cloud infrastructure offers a powerful
and economical platform to greatly facilitate the de-
velopment and deployment of a large number of Web
services. Based on the most recent statistics 2, there are
28,593 Web services being provided by 7,728 distinct
providers over the world and these numbers keep
increasing in a fast rate.

WSDL (Web Service Description Language) doc-
uments and extra descriptions given by service
providers are two major kinds of data to be utilized
for Web services mining [1]. Despite the abundance
of extra service description for most current Web
services, limited information can be obtained from
the XML-based description document, i.e., WSDL doc-
ument. The fast growing number of Web services
but the limited information can be obtained pose
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1. In this paper, we focus on non-semantic Web services. Non-
semantic Web services are described by WSDL documents while
semantic Web services use Web ontology languages (OWL-S) or
Web Service Modeling Ontology (WSMO) as a description lan-
guage. Non-semantic Web services are widely supported by both
the industry and development tools.

2. Statistics obtained from SeekDa! (a Web service search en-
gine), http:/ /webservices.seekda.com

significant challenges to Web service mining, e.g., Web
service clustering, and Web service searching.

In recent years, tagging, the act of adding keywords
(tags) to objects, has become a popular mean to anno-
tate various Web resources, e.g., Web page bookmarks,
online documents, and multimedia objects. Tags pro-
vide meaningful descriptions of objects, and allow
users to organize and index their contents. Tagging
data was proved to be very useful in many domains
such as multimedia, information retrieval, and data
mining [2][3]. In Web service domain, some Web ser-
vice search engines, such as SeekDa!, also allow users
to annotate tags to Web services. Recently, Web service
tags attract much attention, and are being treated
as collective user knowledge to fill the gap between
fast growing Web services and limited information
about them. Some studies have been conducted to
employ tagging data for Web service clustering [4],
Web service discovery [5][6], Web service composition
[7], etc.

However, existing studies reveal that many tags
provided by Social Network System (SNS) users are
imprecise and there are only around 50% tags actually
related to the target object [8]. This is not surprising
because of the uncontrolled nature of social tagging
and the diversity of knowledge and cultural back-
grounds of the users. Apart from the fact that tags can
be subjective, irrelevant or even malicious, they may
also be annotated to Web services by attackers, which
seriously limits the effectiveness of tagging data in
Web service mining. Hence, a critical and fundamental
problem for utilizing tagging data in Web service
mining is how to accurately measure the relevance
of a tag with respect to the annotated Web service.
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Generally, the relevance levels of tags can’t be dis-
tinguished from the order of current tag list, where
tags are basically listed in a random order or chrono-
logical order without considering the relevance infor-
mation. Figure 1 shows two exemplary Web services®
from SeekDa! and their tags annotated by users. Take
the USWeather Web service as an example, its most
relevant tag, i.e.,, “weather”, cannot be discovered
from the order of tag list directly. Similarly, the most
relevant tag to XigniteQuotes Web service is “stock
quote”, while its position in the tag list is the 7.
Furthermore, there are some imprecise tags annotated
to Web services, such as “unknown”, and “format”.

$, USWeather || TEITT

“ by webservicex.net

Get five day weather report for a given zipcode (USA). see
hitp:ihww. we bs envicex. netWCF/SeviceDetails.aspx?SID=50 (community description)

Tags: report,_free, company, ZIP code,

[

#k, XigniteQuotes | i senow |
by xignite.com
The stock quote web senvice provides several financial quotes, quote formats (simple

and extended), market summary information, index information, and... (community
description)

Tags: loser, _unkown, format, top market mover, real-time, companyj stock quote
index information, gainer, finance, commercial, commercial, _onsale, marke:

summarny

Fig. 1. Two Exemplary Web Services From SeekDa!

To further investigate the position distribution of
the most relevant tags in the tag list, we select 180 real
Web services (each Web service has 5 or more tags)
from SeekDa! search engine, and the most relevant tag
identification is completed by volunteers. From Fig. 2,
it can be observed that only 16.6% Web services have
their most relevant tags at the first position of the
annotated tag list, while more than 33% Web services
have their most relevant tags at the fifth position
or even behind. The position distribution in Fig. 2
indicates that the tags are basically in a random order
in terms of relevance to the associated services.

i 33.4

25

Percent(%)

1th 2th 3th 4th >=5th

Position

Fig. 2. Position Distribution of The Most Relevant Tag
in The Tag List

3. USWeather’'s WSDL Address: http:/ /webservices.seekda.com/
providers/webser vicex.net/USWeather
XigniteQuotes’s WSDL Address: http:/ /webservices.seekda.com/
providers/xignite.com/XigniteQuotes

Although there have been some works about uti-
lizing tags in Web service mining [4][5][6][7], the
problem of measuring relevance of a user-contributed
tag with respect to the corresponding Web service
hasn’t been considered carefully. Instead, there are
some works about utilizing tagging data in multime-
dia domain providing valuable methods for reference.
Xirong et al. [9] proposed a neighbor-voting based
algorithm to predict the tag relevance. The basic idea
of this algorithm is that if different persons label
similar objects using the same tags, then these tags are
likely to reflect objective aspects of these objects. Lei
et al. [10] and Sigurbjrnsson et al. [3] proposed to uti-
lized tag co-occurrence to evaluate the tag relevance.
Actually, both neighbor-voting and tag co-occurrence
are the kind of methods which propose to measure tag
relevance by exploring the relationships in Object-Tag
Network.

In this paper, we propose a hybrid Web Ser-
vice Tag Relevance Measurement mechanism (named
WS-TRM), to measure the relevance of the user-
contributed tag with respect to its corresponding Web
service. In WS-TRM, we not only consider the seman-
tic relevance of the tag to the Web service, but also
take the relationships in Service-Tag Network (STNet)
into consideration. Specifically, we extract a content
vector from the WSDL document of the annotated
Web service, and compare it with the tag to obtain the
semantic relevance. Hyperlink-Induced Topic Search
(HITS) [11] model is employed to explore the rela-
tionships in STNet by evaluating the authority of the
tag in STNet which is conducted based on the whole
collection of Web services and annotated tags.

To demonstrate the effectiveness of tag relevance
for Web service mining, we apply WS-TRM into three
applications:

1) Web services clustering. Web services clustering
groups the Web services with the same or similar
functionality. As tags can partially reflect the
functionality of Web services, tags are recently
employed for Web services clustering [4]. If the
relevance of tags can be measured accurately, a
better clustering result can be obtained.

2) Web service tag recommendation. Web service
tag recommendation suggests tags to the Web
services with few or even no tags. Both tag co-
occurrence and tag relevance are considered for
tag recommendation in this paper.

3) Tag-based Web service retrieval. Recently, tag-
based object retrieval is quite popular, due to the
organizational capability of tagging data and the
development of social network. In this paper, we
realize the functionality of tag-based Web service
retrieval, and demonstrate that its performance
could be improved if the tag relevance is mea-
sured accurately.

In particular, the main contributions of this paper
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can be summarized as follows:

1) It identifies the critical problem of tag relevance
measurement for Web service mining and pro-
poses a hybrid approach named WS-TRM in
which both semantic relevance and relationships
in STNet are considered.

Extensive real-world experiments are conducted
to study the performance of WS-TRM. Further,
we apply it into three Web service mining appli-
cations, and evaluate its impact on each appli-
cation.

We publicly release our Web service tag dataset
to promote future research, which includes
15,968 real-world Web services and their tags
4 The released dataset makes our experiment
reproducible.

2)

3)

The rest of this paper is organized as follows: Section
2 gives a survey of related work in Web service
mining by utilizing tag information. Section 3 gives
an overview of our proposed WS-TRM approach.
The detailed tag relevance measurement process is
introduced in Section 4. Section 5 reports the perfor-
mance of WS-TRM based on real Web services, while
Section 6 evaluates the impact of WS-TRM on three
Web service mining applications. Finally Section 7
concludes this paper.

2 RELATED WORK

Web service mining [1], which combines traditional
service oriented computing (SOC) and state-of-the-art
data mining techniques, is becoming a hot research
direction. WSDL documents are the main informa-
tion source for the research of Web service mining.
Recently, tagging data, which is annotated by users
and provides meaningful descriptions, is utilized as
another information source for Web service mining.
In the following, we introduce the existing research of
tagging data for handling different problems in Web
service mining.

2.1

Web service clustering, a popular research issue in
Web service mining, attracts the attention of many
researchers and is presented as a novel solution to
handle the low recall of Web service search engine.
In traditional work, vectors extracted from WSDL
documents are leveraged to determine the similarities
between Web services [12][13][14]. Uddam et al. [15]
propose a folksonomic annotation model allowing
users to express their perception on service function-
ality (after testing or using them) for the purpose of
facilitating Web service clustering. In our prior work
[4], we first propose to utilize both WSDL documents
and tags to cluster Web services by combining users’

Tab-based Web Service Clustering

4. Dataset can be downloaded from http://www.zjujason.com

knowledge and service providers” knowledge. In par-
ticular, we treat tagging data an a vector, and compute
the similarities between Web services according to the
tag vector and another 5-dimensional vector extracted
from WSDL document.

2.2 Web Service Tag Recommendation

To handle the problem of limited tags, Zeina et al.
[16] propose to employ machine learning technology
and WordNet synsets to automatically annotate tags
to Web services. Liang et al. [4] propose to recommend
tags to the Web services with few tags according
to the tag co-occurrence. Lu et al. [17] propose two
tagging strategies, tag enriching and tag extraction. In
the first strategy, Web services are clustered according
to WSDL documents, and the enriched tags for a
service are the tags of other Web services in the
same cluster. In the second strategy, recommended
tags are extracted from WSDL documents and related
descriptions. To make services easily accessible and
attractive to end-users, loannis et al. [18] propose to
automate tagging services by modeling this problem
as a multi-label classification problem.

2.3 Tag-based Web Service Discovery

With the growth of Web services, traditional web
service discovery mechanisms have become inefficient
because of their low precision, due to the simplicity
of information source for service discovery. Zhaoyun
et al. [19] propose to improve the performance of
Web service discovery by introducing tagging data. In
particular, the service-tag relationships are considered
in the process of discovery. Alberto et al. [20] propose
a mixed service discovery model based on two main
ideas. Firstly, users are encouraged to provide tags to
each Web service to form tag-cloud, which could be
matched using standard similarity measures against
user requests. Then existing service tag-clouds are
hierachically clustered to achieve lightweight, brows-
able service ontologies, represented by discriminating
tags per cluster.

2.4 Discussion

Above works promote the usage of tagging data
in Web service mining by utilizing tagging data to
handle kinds of problems in Web service mining. A
common premise of above works is that the anno-
tated tags are highly relevant to the corresponding
Web services. However, many imprecise, irrelevant or
even malicious tags may also be annotated to Web
services, which limits the effectiveness of tagging data
in Web service mining and were considered carefully
in the previous work. In this paper, we propose to
handle this fundamental problem, i.e., tag relevance
measurement, to facilitate the usage of tagging data
in Web service mining.
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Fig. 3. An Overview of Web Service Tag Relevance Measurement (WS-TRM) Mechanism

3 WEB SERVICE TAG RELEVANCE MEA-
SUREMENT

In this section, we first give an overview of the
proposed WS-TRM approach in Section 3.1, and then
introduce the computation of semantic tag relevance
and HITS based tag authority in Sections 3.2 and
3.3, respectively. Finally, the computation of final tag
relevance by integrating semantic tag relevance and
tag authority is introduced in Section 3.4.

3.1

Figure 3 presents an overview of our proposed WS-
TRM mechanism, which mainly consists of two parts:
1) semantic relevance computation, and 2) tag au-
thority computation by using the HITS model. In
particular, the example of Web service 1 in Fig. 3
is the weather report Web service mentioned in Fig.
1. Given a tag list associated with one Web service,
we first compute the relevance score of each tag
by evaluating the sematic relevance between each
tag and the WSDL document of the corresponding
service. In particular, we extract a content vector (i.e.,
a set of keywords) from WSDL document for semantic
relevance computation between a tag and service.
Although the relevance scores obtained in this way re-
flect the semantic relevance between tags and services,
the relationships in STNet have not been considered.
In the second part, the HITS model is employed to
explore the relationships in STNet to compute the
authorities of tags, which reflect the meaningfulness
of tags. In particular, STNet is constructed by utilizing
the association relationship between tags and Web ser-
vices. Finally, the relevance score of a tag is generated
by integrating semantic relevance and tag authority.

Overview of WS-TRM

3.2 Semantic Relevance Computation

WSDL document, which describes the functionality
of a Web service, is actually an XML style document.
Therefore, we can use some IR approaches to extract
a vector of meaningful content words which can be
used as a feature for semantic relevance computation.
It has been demonstrated to be effective in some

previous works [4][14][21]. In this paper, we build the
content vector in four steps:

1) Building original vector. In this step, we split
the WSDL content according to the white space
to produce the original content vector. For the
term such as "WeatherReport”, we split it into
two single words “Weather” and “"Report”.
Suffix Stripping. Words with a common stem
will usually have the same meaning, for exam-
ple, connect, connected, connecting, connection, and
connections all have the same stem connect [13].
For the purpose of convenient statistics, we strip
the suffix of all these words that have the same
stem by using a Porter stemmer [22].

Pruning. In this step, we propose to remove two
kinds of words from the content vector. The first
kind of words to be removed are XML tags, e.g.,
s:element and s:complexType, which are not mean-
ingful for the semantic relevance computation.
The second kind of words to be removed are
function words which have little or no contri-
bution to the meanings of texts. Poisson distri-
bution is employed to model word occurrence
in documents for the purpose of distinguishing
function words [23]. Typically, a way to decide
whether a word w in the content vector is a
function word is computing the degree of over-
estimation of the observed document frequency
of the word w, denoted by n, using Poisson
distribution. The overestimation factor can be
calculated as follows.

2)

3)

@M

where 7, is the estimated document frequency
of the word w. Specifically, the word with higher
value of A, has higher possibility to be a content
word. In this paper, we set a threshold A7 for
Ay, and take the words which have A, higher
than threshold as content words. The value of
threshold At is as follows.

{avg[A] if(avg[A] > 1)

1

Ar .
otherwise,

@
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where avg[A] is the average value of the ob-
served document frequency of all words consid-
ered. After the process of pruning, we can obtain
a new content vector, in which both XML tags
and function words are removed.

Refining. Words with very high occurrence fre-
quency are likely to be too general to dis-
criminate between Web services. After the step
of pruning, we implement a step of refining,
in which words with too general meanings
are removed. Clustering based approaches were
adopted to handle this problem in some related
work [13][14]. In this paper, we choose a sim-
ple approach by computing the frequencies of
words in all WSDL documents and setting a
threshold to decide whether a word has to be
removed.

4)

After the above 4 steps, we can obtain the final
content vector. Through our observation, the dimen-
sion of the content vector of most Web services for
experiments (i.e., 15,968 real Web service) is in the
range of 10 to 30.

As mentioned above, WSDL is an XML structure
document. Thus the position of a content word takes
in the XML structure should be considered in the
process of semantic relevance computation. That is,
the importance of content words in different positions
of the structure should be discriminated. In this paper,
we classify the positions of content words in an XML
structure into 4 categories:

1) Name property. In the definition of elements
or other objects (e.g., message, type, opera-
tion) in a WSDL document, there is always
a name property. Take this record <s:element
name="GetWeatherResponse”> as a example,
the positions of ”"Get”, “Weather”, and "Re-
sponse” are all name property.

Value property. Similar to name property, value
property is another kind of property for an ele-
ment or other objects in a WSDL document.
Text. There is always some text description for
the operation in WSDL. We call this kind of
position as text.

Annotation. At the begining of WSDL docu-
ment, there may be some annotation given by a
service provider. In annotation, some information
about the service provider or the functionality of
service is presented.

2)

3)

4)

In this paper, we use c;, ¢z, c3, and c4 to repre-
sent name property, value property, text, and annotation,
respectively. And fi, f2, fs3, and f4 are their cor-
responding weights for different position categories,
f1+ fo+ fs+ f1 = 1. Given a content vector content
(consists of a set of words, wi,...,w,) and a tag
t, the semantic relevance between ¢t and content is

computed as follows:

iy Sim(t, w;) Z?Zl [ x Occur;
Sy Yioy fi x Oceury; 7
3)

where Occur;; means the occurrence number of word
w; in position ¢;, and Sim(t, w;) means the semantic
similarity between ¢ and w;. In this paper, NGD
(Normalized Google Distance) [24] is employed to
compute the semantic similarity between two words:

SR(t, content) =

sim(t,w;) =1 — NGD(t,w;)

maz{log f(t), log f(w;)} — log f(t, w;)
log N — min{log f(t),log f(w;)} (4:)

where f(w;) denotes the number of pages containing
w;, and f(¢,w;) denotes the number of pages contain-
ing both ¢ and w;, as reported by Google. N is the
total number of Web pages searched by Google.

By employing Egs. (3) and (4), we can obtain the
semantic relevance between tag ¢ and the content
vector extracted from the WSDL document of service
s, and we set SR(t, s) = SR(t, content) as the semantic
relevance of ¢ to s. As the number of words left in
the content vector is limited after above 4 steps, the
time cost for semantic relevance computation can be
accepted.

NGD(t, wi) =

3.3 STNet-Adapted HITS

HITS (Hyperlink-Induced Topic Search, also known
as hubs and authorities) is a link analysis algorithm
that rates Web pages, developed by Kleinberg [25].
It is a precursor to PageRank. The idea behind HITS
stemmed from a particular insight into the creation
of Web pages when the Internet was originally form-
ing. Compared with PageRank, the authority value
computed by HITS algorithm is more appropriate to
reflect the importance of tag, while the meaning of the
value computed by PageRank is more general. Thus,
we propose to obtain the authority of a tag based
on the STNet, which could reflect the importance of
a tag. In the following, we first introduce how to
build STNet, and then present a STNet-adapted HITS
algorithm for tag authority computation.

3.3.1 STNet Building

STNet can be modeled as a weighted directed graph
G, where node s; means a service and node ¢; means
a tag. For each node in G, it has two values, i.e., hub
and authority. There are three kinds of directed edges
in G:
1) Edge from a service node to tag node. Given a
service s; annotated with three tags ¢, t2, and
t3, then there is a directed edge from s; to ¢y, t,
and t3, respectively. In particular, the weight of
this kind of edge is 1.
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2) Edge from a service node to service node. Given
two services s; and s», if there is one or more
than one common tags annotated to these two
services, we create one directed edge from s; to
sg and one directed edge from s; to s;. These
two edges have the same weight, which depends
on the common tags, i.e., w(s1, s2) = w(s2,81) =
%, where ¢, and t,, mean the set of tags
annotated to s; and sy, respectively.

Edge from a tag node to tag node. Given two
tags t; and ¢3, and these two tags are annotated
to one or more than one services. Similarly,
we create one directed edge from ¢; to ¢ and
one directed edge from ¢, to ¢;. The weight of
edge also depends on the common services, i.e.,
w(ty, te) = w(ta,ty) = %, where s;, and
st, mean the set of services cor21taining t1 and to,
respectively.

In this way, we obtain STNet by building a weighted
directed graph. It should be noted that the reputation
of taggers and Web services will be helpful to make
the weights of edges more accurate. However, these
kind of data can’t be crawled so far.

3)

3.3.2 Tag Authority Computation
HITS is a kind of iterative algorithm. We consider two
types of updates as follows:
o Authority Update. For each node p (could be
service node or tag node) in G, we update the
authority of node p to be:

Auth(p) = ZHub(pi) x w(pi, D), (5)
i=1

where p;(i = 1,...,n) means the node that points

to p, and w(p;, p) is the weight of edge from p; to

p. That is, the authority of node p is the sum of

all the weighted hub values of nodes that point

to p.

o Hub Update. For each node p in G, we update
the hub value of p to be:
Hub(p) = Auth(p:) x w(p, p;), (6)
i=1
where p;(¢ = 1,...,n) means the node that p
points to, and w(p, p;) means the weight of edge
from p to p;.

Algorithm 1 shows the detailed STNet-adapted
HITS computation process. As the initialization, we
set the authority value and hub value of each node in
G as 1 (lines 1-3). K in line 4 means the number of iter-
ations. Empirically, we set K = 50 in the experiments.
The parameter norm is used for normalization, and is
initialized as 0 (line 5). According to the Authority
Update rule, we compute the authorities of all nodes
in G, and then normalize them by using parameter
norm (lines 6-16). Similarly, hub values of nodes can

be computed by employing Hub Authority rule (lines
18-29). After K iterations, we return the authorities of
all tag nodes (lines 30-32).

Algorithm 1 STNet-Adapted HITS Algorithm

Input: G: STNet; K: number of iterations
Output: Auth(t): authority of tag node

1: for all node p in G do
2:  Auth(p)=1Hub(p)=1
3: end for
4: for iteration from 1 to K do do
5. norm=0
6:  for all node p in G do
7: Auth(p)=0
8: for all node p; which points to p do
9: Auth(p)+=Hub(p;) xweight(pi,p)
10: end for
11: norm+=square(Auth(p))
12:  end for
13:  norm=sqrt(norm)
14:  for all node p in G do
15: Auth(p)=Auth(p)/norm
16:  end for
17: norm=0
18:  for all node p in G do
19: Hub(p)=0
20: for all node p; that p points to do
21: Hub(p)+=Auth(p;) xweight(p,p:)
22: end for
23: norm+=square(Hub(p))
24:  end for
25:  norms=sqrt(norm)
26:  for all node p in G do
27: Hub(p)=Hub(p)/norm
28:  end for
29: end for

30: for all tag node t in G do
31:  return Auth(t)
32: end for

3.4 Relevance Integration

Semantic Relevance score SR(t, s) obtained in Section
3.2 reflects the semantic relevance between tag ¢ and
service s, while the authority of tag Auth(t) obtained
in Section 3.3 reflects the meaningfulness of tag ¢ in
the whole STNet. In this paper, we integrate semantic
relevance and tag authority to be the final relevance
of user-contributed tag ¢ with respect to service s.

Given a service s with a set of tag T' annotated to
it, the relevance score of each tag ¢t € T is computed
as follows:

Score(t,s) = (1 — N)SR(t,s) + NMuth(t), (7)
where A is the weight of tag authrotiy. The range
of A is [0,1]. Specifically, WS-TRM only considers the
semantic relevance of ¢ to s when A = 0, while WS-
TRM ranks tags only according to the tag authority
in STNet when X\ = 1.
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TABLE 1
NDCG@K Performance of Web Service Tag Relevance Measuring Approaches
NDCG@K Method Tourism Weather Commu Finance Stock Email Average

Baseline 0.723 0.831 0.741 0.637 0.781 0.839 0.759
K<3 Semantic 0.793 0.878 0.912 0.869 0.921 0.934 0.884
HITS 0.823 0.931 0.852 0.791 0.913 0.893 0.867
WS-TRM 0.863 0.956 0.962 0.893 0.941 0.952 0.928
Baseline 0.705 0.863 0.725 0.747 0.841 0.852 0.789
K<5 Semantic 0.805 0.912 0.905 0.913 0.947 0.936 0.903
HITS 0.794 0.908 0.913 0.828 0.913 0.894 0.875
WS-TRM 0.841 0.965 0.958 0.931 0.967 0.959 0.937

4 EXPERIMENT

In this section, we compare the performance of differ-
ent tag ranking approaches, and evaluate the impact
of X\ on the performance of WS-TRM.

4.1 Dataset Description & Experiment Setup

To evaluate the performance of WS-TRM, we crawl
15,968 real Web services from the Web service search
engine Seekda!. For each Web service, we crawl
the information of its service name, WSDL docu-
ment, tags, availability, and the name of its provider.
We have published this dataset, downloadable from
http:/fwww.zjujason.com

For each service, each of its tags is labeled as one
of the five levels: Most Relevant (score 5), Relevant
(score 4), Partially Relevant (score 3), Weakly Relevant
(score 2), and Irrelevant (score 1). As the manual
creation of ground truth costs much work, we select
240 Web services from the dataset and distinguish
them into the following categories: “Email”, “Stock”,
“Tourism”, “Weather”, “Communication”, and “Fi-
nance”. Specifically, there are 31 Web services in
“Email”category, 39 Web services in “Stock”category,
39 Web services in “Tourism”category, 42 Web ser-
vices in “Weather”category, 37 Web services in “Com-
munication”category, and 52 Web services in “Fi-
nance”category. Due to the space limitation, we don’t
show their detailed information.

All experiments are implemented with JDK 1.6.0-
21, Eclipse 3.6.0 and conducted on a Dell Inspire R13
machine with an 2.27 GHZ Intel Core I5 CPU and 6GB
RAM, running Windows7 OS.

4.2 Evaluation Metric

To evaluate the performance of Web service tag rel-
evance measurement, we treat it as a ranking prob-
lem, and evaluate the performance of WS-TRM in
an indirect manner: First, given a Web service s, its
associated tags are ranked according to the relevance
score computed by WS-TRM; Second, comparing the
tag list ranked by WS-TRM with the tag list ranked
by the manually labeled ground truth. we employ the
Normalized Discounted Cumulative Gain (NDCG)
[26] metric, which is widely accepted as the metric
for ranking evaluation in information retrieval. Given

the ideal tag ranking of target service (used as ground

truth) and a predicted tag ranking, the NDCG value

of the Top-k ranked tag can be calculated by:
DCGak

where DCGQFE and IDCGQF are the discounted cu-
mulative gain (DCG) values of the Top-K tags of the
predicted ranking and ideal ranking, respectively. The
value of DCG@E can be calculated by:

k
DCGak =rel; + Y el )
=2

0goi’

where rel; is the graded relevance score of the tag at
position ¢ of the ranking. The DCG value is accumu-
lated from the top of the ranking to the bottom with
the gain of each result discounted at lower ranks. The
ideal rank achieves the highest gain among different
rankings. The NDCG@Qk value is in the interval of 0
to 1, where a larger value stands for better ranking ac-
curacy, indicating that the predicted ranking is closer
to the ideal ranking. The value of k is in the interval
of 1 to n, where n is the total number of tags.

4.3 Performance Evaluation of WS-TRM

To study the performance of Web service tag relevance
measurement, we first compute the NDCG vaule of
Baseline (i.e., original tag lists), and then compare the
performance of the following three approaches:

o Semantic. In this approach, semantic relevance
between tag and service is employed to rank tags,
i.e., only Egs. (3) and (4) are employed.

o HITS. In this approach, linking relationship in
STNet is employed to rank tags. In this exper-
iment, we choose the HITS model to represent
the linking relationship.

o WS-TRM. Both semantic relevance and linking
relationship are employed in WS-TRM, while A
is used to balance the importance of two compo-
nents.

Tables 1 shows the ranking performance of
the above 4 approaches, respectively employing
NDCG@3 and NDCG@5 as the evaluation metric.
NDCG@E indicates that only the ranking accuracy
of the top-k tags is investigated. Given one category
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Fig. 4. Impact of A to The Performance of WS-TRM

of Web services, we compute the NDCG@QFk value of
each Web service, and set the average value as the
NDCGQ@F value of this category. Empirically, we set
f1 = f2 = 0.3,f3 = f4 = 0.2, and A=0.1 in WS-
TRM in this experiment. The impact of A on the
performance of WS-TRM will be evaluated in Section
4.4. For each column in Table 1, we have highlighted
the best performer among all approaches.

From Table 1, it can be observed that all three tag
ranking approaches largely improve the accuracy of
tag ranking, that is, the tag relevance computed by
these three approaches is more accurate than the tag
relevance obtained from the order of the original tag
list. Compared with the Baseline, the improvement
brought by WS-TRM achieves 40.2% at the highest
point, and achieves 11.8% in the worst case.

Among these three approaches, the performance of
WS-TRM is the best, while the performance of HITS
is the worst in most cases. This is because it utilizes
only the linking relationship in STNet, which reflects
the authority of tags but can only partially represent
the relevance between a tag and service.

4.4 Impact of A

As )\ is used to balance the importance of semantic
relevance and linking relationship, the choice of A
value greatly influences the performance of WS-TRM.
In this section, we try to find the optimal value of A
by evaluating the impact of A on WS-TRM.

Figs. 4(a) and (b) show the impact of A on WS-TRM
with the metric NDCG@3 and NDCG@5, respectively.
Specifically, NDCG@Fk in these two figures is the
average one in all categories. From Fig. 4, we can
find that the performance of the Semantic approach
is better than HITS, as the value of NDCG@k (A = 0)
is higher than NDCG@k (A = 1). By observing the
trend of curves, we can also find the performance of
WS-TRM in both two figures first increases and then
decreases with the increase of ), and it achieves the
highest point when A = 0.1. Therefore, the optimal
value of A is 0.1.

|
02 03 04 05 06 07 08 09 1
Values of Lambda

(b) k=5

5 APPLICATION IN WEB SERVICE MINING

In this section, we apply WS-TRM into three real
applications of Web service mining (i.e., Web service
clustering, Web service tag recommendation, and Tag-
based Web service retrieval) to evaluate the impact
of WS-TRM in Section 5.1, Section 5.2, and Section
5.3, respectively. In particular, all these evaluations
are implemented based on Titan search engine ° [27],
and above three applications have been realized and
embedded into Titan.

Fig. 5. Site Home Page of Titan Search Engine

5.1 Web Service Clustering

Recently, Web service clustering is employed to han-
dle the low recall of Web service search engine, which
is caused by the keyword matching [13][14]. In their
opinion, if Web services with similar functionality
are placed into the same cluster, more relevant Web
services could be retrieved in the search result. In our
prior work [4], a hybrid approach by utilizing both
WSDL documents and tags to cluster Web services
is proposed, and outperforms the previous clustering
approaches, in which only WSDL documents are uti-
lized. Specifically, given two Web services s; and s»,
not only the similarity between the WSDL of s; and

5. Titan is constructed based on 15,968 real Web services, and
it has been accepted by WWW 2012 Demo Track. Link to Titan:
http:/ /cent.zju.edu.cn:8080
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Fig. 6. Impact of WS-TRM to The Performance of Web Service Clustering

the one of sy (i.e., Simysqi(s1,s2)) is considered, but
also the similarity between the tags of s; and the ones
of sy (ie., Simiqq(s1,s2)) is considered. The detailed
process of Web service clustering can be found in [4].

However, the relevance of user-contributed tags
with respect to the Web services has not been con-
sidered in [4], that is, the tags associated with Web
services were all treated as totally relevant, which may
limit or even bring negative effect on the performance
of tagging data in Web service clustering. In this
paper, we propose to employ WS-TRM to obtain tag
relevance scores, and weight Simyqg(s1,52) by the
relevance of corresponding tags. That is, the simi-
larity between s; and s; is generated by integrating
Simuysar(s1, s2) and weighted Simyqg(s1, s2).

To evaluate the impact of WS-TRM on Web service
clustering, we implement two versions of clustering,
one version employs WS-TRM, while the other one
does not employ WS-TRM. In this experiment, we em-
ploy the six categories of Web services mentioned in
Section 4.1 (i.e., Weather, Email, Stock, Tourism, Finance,
and Communication) to do Web service clustering. To
evaluate the performance of Web service clustering,
we introduce two metrics (Precision and Recall) which
are widely adopted in the Information Retrieval do-
main.

Precision., = succ(ci? , (10)
t suee(e;) + mispl(c;)
Recall,, = suce(c;) 11)

suce(c;) + missed(c;)

where succ(c;) is the number of services successfully
placed into cluster ¢;, mispl(c;) is the number of
services that are incorrectly placed into cluster ¢;, and
missed(c;) is the number of services that should be
placed into ¢; but are placed into another cluster.
Figure 6 shows the performance comparison of
above two versions of Web service clustering. From
Fig. 6, we can observe that Clustering with WS-TRM
outperforms Clustering without WS-TRM in both preci-
sion and recall. Specifically, the average improvement
caused by the employment of WS-TRM achieves 16%
in terms of precison, and 10% in terms of recall. As

we discussed above, the neglect of tag relevance limits
or even brings negative effect on the performance of
tagging data. Results in Fig. 6 demonstrate that the
employment of tag relevance facilitates Web service
clustering.

5.2 Web Service Tag Recommendation

Similar to the multimedia tagging and document tag-
ging, some inherent properties in Web service tagging,
e.g., uneven tag distribution, influence the effective-
ness of tagging data in Web service mining. This
property is easy to be understood because tagging is a
kind of user behaviour. Hot Web services are usually
annotated with lots of tags, while less popular Web
services may be annotated with few or even no tags.

Tag recommendation technique is a widely ac-
cepted approach to handle this problem. Vote and Sum
are two classical tag recommendation approaches, in
which tag co-occurrence is utilized to compute a score
for each candidate tag and the top-K tags with the
highest scores are selected as the recommended tags.
Details about Vote and Sum can be found in [3]. In this
paper, we utilize the proposed WS-TRM to improve
their performance by considering both tag relevance
and co-occurrence in the process of Web service tag
recommendation. In particular, for a candidate tag ¢,
the weighted average value of the normalized tag
relevance T'R(t) and the normalized tag co-occurrence
score T'C(t) are utilized for tag recommendation. To
evaluate the impact of tag relevance, the following
approaches are implemented:

e Sum. In this approach, tag co-occurrence score
TC(t), which is computed by using the Sum
strategy, is utilized as the metric for tag recom-
mendation.

o Vote. In this approach, TC(t) is also employed
as the metric for tag recommendation, while it is
computed by using the Vote strategy.

e Sum™. In this approach, the tag relevance value
TR(t) is introduced to improve the performance
of Sum.

« Vote™. In this approach, the tag relevance value
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TABLE 2
S@K Comparison of Four Tag Recommendation Strategies
Given Tag Method K=1 K=2 K=3 K=4 K=5

Sum 0.8132 0.7081 0.6738 0.7087 0.7181

12 Sum™* 0.8331 0.7129 0.7033 0.7221 0.7318
Vote 0.6392 0.5949 0.6737 0.7005 0.6972

Vote™ 0.6875 0.6112 0.6745 0.7143 0.7384

Sum, 0.7534 0.7143 0.7380 0.6852 0.6720

35 Sum™t 0.7745 0.7322 0.7449 0.7208 0.6775
Vote 0.7867 0.6646 0.7042 0.7022 0.7103

Vote™ 0.7958 0.7436 0.7323 0.7128 0.7219

Sum 0.7632 0.7211 0.6944 0.6975 0.6647

55 Sum™t 0.7822 0.7318 0.7098 0.7145 0.6897
Vote 0.8136 0.7769 0.7749 0.7262 0.6973

Vote™ 0.8364 0.8012 0.7943 0.7438 0.7012

TABLE 3
P@K Comparison of Four Tag Recommendation Strategies
Given Tag Method K=1 K=2 K=3 K=4 K=5

Sum 0.6933 0.5083 0.48277 0.3788 0.3562

12 Sum* 0.7612 0.5329 0.4879 0.4374 0.4038
Vote 0.7879 0.5495 0.4503 0.3947 0.3689

Votet 0.7945 0.5983 0.4832 0.4329 0.3925

Sum 0.6512 0.4857 0.4171 0.3654 0.3345

35 Sum* 0.6856 0.5134 0.4658 0.3765 0.3564
Vote 0.7415 0.5414 0.4496 0.3925 0.3494

Votet 0.7667 0.5934 0.5092 0.4333 0.3764

Sum 0.5894 0.4656 0.4365 0.3451 0.3508

<5 Sum* 0.6219 0.5043 0.4754 0.3922 0.3657
Vote 0.7148 0.5478 0.4105 0.4026 0.3658

Votet 0.7443 0.5874 0.4459 0.4322 0.3745

TR(t) is employed to improve the performance
of Vote.

Before evaluating the performance of tag recom-
mendation, we select 1,800 web services which con-
tain 1254 unique tags as the dataset for evaluation.
The ground truth is manually created through a blind
review pooling method, where for each of the 1800
web services, the top 10 recommendations from each
of the two strategies are taken to construct the pool.
The volunteers are then asked to evaluate the de-
scriptiveness of each of the recommended tags in
context of the web services. We provide the WSDL
documents and web service descriptions to volunteers
to help them. The volunteers are asked to judge the
descriptiveness on a three-point scale: very good, good,
not good. The distinction between very good and good
is defined to make the assesment task conceptually
easier for the user. Finally, we receive 212 very good
judgements (16.9%), 298 good judgements (23.7%), and
744 not good judgements (59.4%).

To evaluate the performance of Web service tag rec-
ommendation, we adopt two metrics which capture
the performance at different aspects:

o Success at rank K (S@K). The success at rank K is
defined as the percentage of good or very good tags
take in the top K recommended tags, averaged
over all judged web services.

o Precision at rank K (P@K). Precision at rank K is

defined as the proportion of retrieved tags that is
relevant, averaged over all judged web services.

Table 2 shows the S@K comparison of four tag rec-
ommendation strategies, where the Given Tag means
the number of tags that the target web service has.
Take the Sum strategy as example. When Given Tag
varies from 1 to 2, the average value of S@K is over
0.7, which means that more than 70% recommended
tags have good or very good descriptiveness. From
Table 2, it can be observed that the introduction of
tag relevance largely improves the performance of
traditional tag recommendation strategies, as the S@K
values of both Sum™ and Vote™ are larger than the
S@K values of the original strategies. A trend can be
identified that the S@K values of all four strategies
decrease with the increase of K in most cases. This is
because the most relevant tags have a high probability
to be included in the tag recommendation list when
K is small, and some irrelevant tags may also be
included in the top-k recommendation list when K
is large.

Table 3 shows the comparison of four tag recom-
mendation strategies in terms of P@K. Similarly, it can
be found that the introduction of WS-TRM improves
the performance of tag recommendation in terms of
P@K. From Table 3, one trend can be identified that
the P@K values of all four strategies decrease when
Given Tng increases. This is because the number of
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relevant tags to one certain Web service is limited.
When Given Tag increases, the number of left relevant
tags decreases, which leads to the decrease of P@K.
In addition, P@K achieves its largest value when K=1,
and decreases when K increases.

5.3 Tag-Based Web Service Retrieval

Tagging data was recently employed to improve the
performance of Web object retrieval due to the rich
semantic information included in the user-contributed
tags, especially in the domain of multimedia. The
performance of Web service retrieval is also unsatis-
fied since the simplicity of information source can be
utilized for service retrieval, i.e., WSDL. Intuitively,
tagging data associated with Web services could be
employed to improve the performance of Web service
retrieval. In our prior work [4], a brief introduction
to tagging data in Web service retrieval is proposed.
Fig. 7 shows the tag cloud of Titan Web service search
engine, in which the most frequently annotated tags
are listed and the tags with higher frequency have
larger fonts.

res sms gtg fest tourism university USA

Fig. 7. Tag Cloud of Titan Web Service Search Engine

However, if the Web service tag relevance is ig-
nored, the employment of Web service tags may pro-
vide limited contribution or even bring negative effect
on the performance of Web service retrieval. To eval-
uate the impact of tag relevance on the performance
of Web service retrieval, we implement two versions
of service retrieval, one version does not employ WS-
TRM and treats the relevance of every tag as 1 (called
as Baseline), while the other one employs WS-TRM
and considers the relevance of tags in the process of
service retrieval. Due to the limitation of space, we do
not introduce the detailed process of service retrieval
here. As for the evaluation metric, we choose Precision
at k (P@k), which means the proportion of relevance
instances in the top k retrieved results, as defined in
Section 6.2.

Table 4 shows the results of evaluation imple-
mented based on Titan Web service search engine.
In Tabel 4, for each query, we compare the perfor-
mance of Baseline and WS-TRM in terms of P@5 and
P@20. From Tabel 4, it can be discovered that WS-
TRM largely outperforms Baseline in most cases, in
terms of P@5 and P@20. This is because some user-
contributed tags are imprecise, ambiguous, or even

irrelevant. In Baseline, all associated tags are treated as
totally relevant, that limits the performance of tagging
data in Web service retrieval. On the other hand, by
employing WS-TRM, the effect of these imprecise, am-
biguous, irrelevant tags are weakened in the process
of tag-based Web service retrieval.

TABLE 4
P@K Performance of Web Service Retrieval

Precision at 5 Precision at 20

Query Baseline WS-TRM Buaseline WS-TRM
weather 0.800 1.000 0.650 0.900
sms 0.800 1.000 0.700 1.000
tourism 0.400 0.800 0.500 0.650
stock 0.800 0.800 0.750 0.900
ZIP 0.600 1.000 0.800 1.000
location 0.400 0.800 0.550 0.750
commerical 0.800 0.800 0.650 0.850
bioinformatics 0.400 0.600 0.500 0.750
university 0.600 1.000 0.650 0.900
average 0.640 0.840 0.645 0.845

6 CONCLUSION AND FUTURE WORK

In this paper, we propose to handle a fundamental
problem, i.e., tag-service relevance measurement, for
the purpose of promoting the usage of tagging data
in Web services mining. In our proposed WS-TRM ap-
proach, we not only consider the semantic relevance
between WSDL documents and tags, but also take the
linking relationships in service-tag network into ac-
count. In particular, content feature is extracted from
WSDL documents for semantic relevance computa-
tion, while HITS is employed to compute the authori-
ties of tags in a service-tag network. The experimental
results based on real Web services demonstrate the
advantage of WS-TRM.

To demonstrate the effectiveness of tag relevance
measurement, we employ WS-TRM tagging data into
three real applications of Web service mining, i.e.,
clustering, tag recommendation, and tab-based Web
service retrieval. Evaluations are implemented based
on Titan search engine, and above three applications
have been all realized and embedded into Titan.
Experimental results show that the use of WS-TRM
really improves the effectiveness of tagging data in
Web service mining.

So far, the scale of Web service tag dataset is still
small, which limits the tag related research in Web
service mining. In our future work, we plan to expand
the scale of tag dataset by inviting volunteers and
employing automated tagging approaches, for the
purpose of promoting the usage of tagging data in
Web service mining. With the development of the pro-
posed Titan search engine, more tagging data and user
feedback will be collected for further experimental
evaluation. Further, PageRank algorithm will be em-
ployed in WS-TRM to compare with HITS algorithm.

Social information (e.g., User’s social relationship)
and location information could be utilized to improve
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the performance of personalized recommendation,
which has been demonstrated in some other domains.
In our future work, we will try to utilize social infor-
mation and location information to facilitate person-
alized Web service recommendation.
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