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An On-Demand Services Discovery Approach Based on Topic Clustering

Zheng Li', Keqing He’, Jian Wang’, Neng Zhang’
'School of Computer and Information Engineering, Henan University, China
“State Key Laboratory of Sofiware Engineering, School of Computer, Wuhan University, China
{zhengli_hope, hekeqing, jianwang, nengzhang }@whu.edu.cn

Abstract

As more and more heterogeneous services are available
in the cloud, how to discover services in an efficient and
accurate way becomes a key issue. Services clustering is
an effective way to facilitate services discovery. On the
basis of domain-oriented services classification, this paper
proposes a topic-oriented services clustering approach
to group the classified services in a specific domain into
topic clusters. This can greatly reduce the search space and
enhance the efficiency of services discovery. Then the paper
proposes a three-phase services discovery approach based
on topic-oriented clustering to find more relevant services
by “domain-topic cluster-service” matching. Finally,
experimental results on real services demonstrate the
feasibility and effectiveness of the proposed approach. The
results show that our proposed services discovery approach
can efficiently and accurately find users’ desired services.

Keywords: Services discovery, Services clustering, Topic,
Probability, Similarity.

1 Introduction

As a key services delivery platform in the field of
services computing [1], cloud computing [2-3] provides
environments to enable resource sharing by publishing
various types of resoures as reusable services [4] (please
note that the services mentioned in this paper are Web
services). Leveraging services available in the cloud, users
can compose new value-added business processes and
further publish them as reusable services. However, as the
number of services rapidly increases in the cloud, how to
efficiently and accurately discover user desired services
remains a big challenge.

One major technique is to establish service registries [1]
to help users find relevant services. However, many public
accessible UDDI registries have been closed. Currently,
many non-UDDI service registries have emerged, such as
Seekda (http://webservices.seekda.com/), WebServiceList
(http://www.webservicelist.com/), ProgrammableWeb
(PWeb, http://www.programmableweb.com). According
to statistics in [5], there are 825,132 services collected
from such major service registries. Moreover, these
services have the obvious heterogeneous characteristics

*Corresponding author: Jian Wang; E-mail: jianwang@whu.edu.cn
DOI: 10.6138/J1T.2014.15.4.05

for the following two reasons. On the one hand, services
follow diverse protocols such as SOAP (Simple Object
Access Protocol), REST (Representational State Transfer),
and XML-RPC (eXtensible Markup Language-Remote
Procedure Call). On the other hand, there are various
service description languages such as WSDL (Web Services
Description Language), OWL-S (Ontology Web Language
for Services), and WADL (Web Application Description
Language); furthermore, a large number of services
followed the REST protocol, namely, RESTful services, are
described in natural language. What’s more, the increase
of network users leads to users’ requirements showing a
trend of personalization and diversity. During the process
of services discovery, it needs to consider not only users’
functional requirements (e.g., book tickets), but also their
non-functional requirements (requirements to quality of
service, such as response time and reliability). Therefore,
although the above-mentioned service registries can help
users in querying their desired services, there are still two
major issues on services discovery.

First, the efficiency of services discovery is not high
due to lack of effective services organization approach. As
shown in Figure 1, take PWeb and Seekda as examples.
Since APIs (Application Programming Interface) at PWeb
represent reusable service components, we use the terms
API and service interchangeably throughout this paper. As
shown in Figure 1(a), although PWeb organizes services
according to categories that each service belong to, users
still need to examine each service in a specific category to
determine which one is more proper. However, this process
is labor-intensive and time-consuming, especially for
those categories with hundreds of services, e.g., “Social”.
Moreover, PWeb presets a category named “Other” (the
small rectangle in Figure 1(a)) to manage all uncategorized
services from PWeb, which will further hinder the category-
based services discovery. While Seekda organizes services
according to service providers categorized by countries, as
shown in Figure 1(b). Similarly, it is also more difficult for

users to find their desired services.
The second major issue is that the accuracy of services

discovery is not high because the current query capabilities
of these service registries are limited. Still take PWeb and
Seekda as examples, as shown in Figure 2. Figure 2(a)
shows the search criteria such as keywords, category, or

data format at PWeb. In order to find their desired services,
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Browse APls by Category

Advertising (164) Entertainment (52) Music (170)
Security (156) Answers (27) Events (77)
News (73) Shipping (65) Auctions (2)
Fax(21) Offce (82) Shopping (281)
Backend (54) Feeds (38) Other (205)|
Social (442) Blog Search (11) File Sharing (¢

(@

= webxmi com.cn 21) it = msotec net (20)
= gceanstudio net (20) = vigaoon{ll)

Figure 1 (a) Browse APIs by Category at PWeb (b) Browse
Services Providers by countries then Browse Services
by Country Specific Providers at Seekda

accuracy of services discovery. Similar to PWeb, users
discover services by specifying one or multiple search
criteria such as keyword, service provider or service tag
from Seekda, as shown in Figure 2(b). Then users browse
services in the result list but only find a few even no
relevant services.

Therefore, as for these service registries, there exists
a need for an effective organization method and the
corresponding services discovery approach to enhance their
query efficiency and accuracy.

Services clustering is an effective way to promote
services discovery [6]. Clustering services based on
functional similarity will greatly boost the ability of search
engine to retrieve the most relevant services [7]. Instead of
searching from all services with different functionalities
in a registry, users locate their requests to a service cluster
that contains functionally similar services and then choose
interested services according to their preferences. This can
effectively reduce the search space and greatly improve
the query efficiency. There are several approaches [8-12]
on services clustering. However, most of these approaches
directly cluster service documents, without considering

With the advanced seach you can find Web Services using rutiple crtera. Use the. form below to
compose a query. Allematively. you can use our search symax drectly as described af the bottom of
thes page.

Ordor by
Pck the arder most relevant f0r your purpose

Resut O] ™ e

Figure 2 (a) Services Directory Search at PWeb (b) Advanced
Services Search at Seckda

users can choose one or multiple search criteria to compose
a query. Such search mechanism is very helpful to filter out
services, but users can only find a few interested services
from a long list of search results. This will lead to lower

domains that each service belongs to. But using such
clustering methods, services that contain similar terms or
operations may be assigned to the same cluster even if they
belong to different domains. Moreover, these clustering
approaches are only for a single type of service documents,
some for WSDL documents [8-9], some for OWL-S
documents [10-11], some even for randomly generated
services [12], and less emphasis on RESTful services
described by the text.

On the basis of our domain-oriented services
classification approach [13], we propose a topic-oriented
services clustering approach to further organize domain-
specific services into topic clusters. Then we propose
a services discovery approach based on topic-oriented
clustering. Experimental results show that our services
discovery approach has higher efficiency and accuracy. The
main contributions of this paper are summarized as follows:
(1) We propose a topic-oriented services clustering

approach. On the basis of domain-oriented services
classification, classified services in a specific domain
are further grouped into functionally similar topic
clusters. This is beneficial for the organization and
management of services, consequently improving the
efficiency of services discovery.

(2) We propose a three-phase services discovery approach
based on “domain-topic cluster-service” matching.
User requirements are gradually located from a specific
domain to a specific topic cluster in the matched
domain. Then the relevant services in the located topic
cluster are discovered and returned. The benefit of such
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discovery approach is to help users find their desired
services and to improve the accuracy of services
discovery.

(3) We conduct a series of experiments on real services
to evaluate effectiveness of the proposed services
clustering approach and discovery approach.

The rest of the paper is organized as follows. In Section

2, related work is briefly reviewed. In Sections 3 and 4,

our topic-oriented services clustering approach and three-

phase services discovery approach are described in detail,
respectively. The experimental results and analysis are
given in Section 5. Finally, conclusions are presented in

Section 6.

2 Related Work

Different approaches are used to organize services,
such as service community [14-15], service pool [16],
service cluster [17]. In contrast to their work, we organize
services by the domain and topic cluster that each service
belongs to.

Services clustering is a technique for effectively
facilitating services discovery [6]. Currently, using
clustering [18] to promote services discovery has received
considerable attention. Elgazzar et al. [7] propose an
approach to improve services discovery by grouping
services into functionality-based clusters. Dong et al. [19]
propose the algorithms underlying a service search engine,
Woogle, to support similarity search for services. Chen
et al. [20] use both WSDL documents and service tags to
improve the performance of clustering for more accurately
discovering services. However, these researches use a
weighting mechanism to combine multiple parts, such as
service description, WSDL types, messages, for computing
similarities between services. This will affect the accuracy
of clustering, thereby affecting the accuracy of services
discovery. In contrast, our topic-oriented services clustering
method based on probability does not need to use such
weighting mechanism.

Yu et al. [8] group services with similar functionalities
into homogeneous communities by co-clustering of service
operations and services, which greatly facilitates services
discovery. Ma et al. [21] propose a clustering semantic
algorithm for efficiently finding services. Wang et al.
[22] adopt K-means [23] algorithm for clustering both
requirements and candidate services, effectively reducing
the search space. Dasgupta et al. [6] propose a self-
organizing based clustering algorithm for efficient services
discovery. Liu et al. [24] propose a two-layered P2P
model for improving the efficiency of services discovery.
However, an important limitation of these studies on
services clustering is that researchers only use WSDL

documents [8][21-22] or only use OWL-S documents [6]
[24]. Furthermore, these studies directly cluster service
documents, but do not consider the domain that each
service belongs to. Therefore, services from different
domains may be assigned to the same cluster, which will
affect the accuracy of services discovery. In our research,
service documents with different types are unified modeled
as the corresponding vectors, so our services clustering
approach based on domain-oriented services classification
can cluster service documents such as textual description
documents (RESTful services) and WSDL documents.

There have been many researches on semantic Web
services discovery. OWLS-MX [25] and WSMO-MX
[26] propose a hybrid semantic service matchmaker
by combining logic-based reasoning and syntactic-
based similarity computation. Sbodio et al. [27] propose
SPARQL to describe pre-conditions, post-conditions of
services, goals of agents, and then use SPARQL to discover
semantic services. Kuang et al. [28] propose a composition-
oriented discovery algorithm based on inverted indexing
to facilitate semantic services discovery. Deng et al. [29]
propose a method for semantic services discovery based
on bipartite graph matching. In our research, we use the
domain knowledge obtained by domain-oriented services
classification (domain feature terms) and topic-oriented
services clustering (topic feature terms), for incrementally
building and enriching domain ontology and leverage it to
facilitate semantic services discovery.

3 Topic-Oriented Services Clustering

In order to help users efficiently discover their
desired services, it is essential to find an effective way to
organize services. In this Section, we present our services
organization approach based on service functionality.
Firstly, we review our domain-oriented services
classification approach based on ontology-empowered
SVM (Support Vector Machine). Secondly, on the basis of
services classification, we propose a topic-oriented services
clustering approach based on probability. Classifying and
then clustering services can greatly reduce the search space,
thereby enhancing the efficiency of services discovery.

3.1 Domain-oriented Services Classification Based on

Ontology-Empowered SVM

We have implemented an SVM engine using the
LIBSVM (http://www.csie.ntu.edu.tw/~cjlin/libsvm/) for
domain-oriented services classification [13]. The basic
procedure is as follows. Firstly, we combine crawler and
open Web API to get service documents such as textual
description documents, WSDL documents from service
registries such as PWeb, Seekda. For the collected service
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documents with different types, we mainly extract the parts

that can reflect their core functionalities. For example, for

the three main service description documents, the exacted

contents are as follows.

 Textual description documents (RESTful services): we
mainly extract service name, service description, service
fags, and so on.

® WSDL documents (SOAP services): we mainly extract
service name, WSDL types, messages, ports, and so on.

® OWL-S documents (OWL-S services): we mainly extract
service name, input, output, precondition and effects.

Secondly, we preprocess the extracted service
documents including word segmentation, verbs and
nouns extraction, stopword removal, stemming, and term
frequency statistics. Thirdly, we identify domain-relevant
and domain-irrelevant service sets from the preprocessed
service documents. Fourthly, we randomly select the
needed training set and testing set from the above specified
service sets, and use keyword frequency-inverse document
frequency -domain frequency (KF-IDF-DF, extension to
TF-IDF [30]) to construct the vector space. Finally, we
leverage SVM to classify services into either domain-
relevant or domain-irrelevant.

Note that our services classification method adopts an
iterative process to incrementally get the better services
classification accuracy and to incrementally build and
enrich domain ontology. We use keyword frequency-
inverse repository frequency (KF-IRF) to calculate the
ranking of terms in the relevant domain except the initial
term ranking obtained by counting term frequency.
Therefore, the termination criterion of iteration can be
set when the ranking of top-ranked (e.g., top 60) terms
remains unchanged in a new iteration. When the iteration
is terminated, we can obtain the classified services and
domain term ranklist (DTR, used to build domain ontology)
ranked by KF-IRF in a specific domain. More related
details can be found in [13].

3.2 Topic-oriented Services Clustering Based on

Probability

LDA (Latent Dirichlet Allocation) is a generative
probabilistic model to discover topics from a collection of
documents. Its basic idea is that dc are repr d
as mixtures over latent topics, where each topic is
characterized by a distribution over words [31]. For each
document in the collection, the generative process in LDA
is: each word w in a document d is generated by sampling
a topic z from topic distribution, and then sampling a word
from topic-word distribution. According to this process, the
probability that each document contains different topics can
be determinded. This is the distinguishing characteristic of
LDA, namely, all documents in the collection contain the

same set of topics, but each document exhibits these topics

with different probability.

In this paper, we use LDA to find the corresponding
latent topics for each domain-specific service document
according to the corresponding probability distributions
over the extracted terms. Then, according to the identified
topics mixed in each service document and the probabilities
that each service dc t CC the corresponding
topics, we group the classified services in a specific domas
into different topic clusters.

The general steps of topic-oriented services clusterime
approach are as follows.

Step 1: for the top k terms in the DTR generated by
domain-oriented services classification. we
calculate the domain representation degree (DRI
of each term using Equation (1). Then we remowe
those terms whose DRD are greater than a gives
threshold (e.g., 0.9), to build the domain featurs
term set (DFTS).

|{Sj|t,eSjASjed}|

m
4]

DRD(t;,d) =

Where S, denotes the service that contains the term

1, in domain d, |{S; | t, € §; A S; € d}| denotes the numbesr
of this kind of services, and |d| denotes the total number of
services in domain d. Equation (1) shows that if DRD(z, &)
is greater, then the term ti appears in more services of
domain d. This indicates that the term #, can highly represent
domain d. Such terms are very important for domain-oriented
services classification in Section 3.1. However, these terms
have little significance to topic-oriented services clustering
because such terms nearly appear in each service of the
domain. Therefore, we remove the terms which can highly
represent a given domain when clustering.

Step 2: we remove those terms in each service document
but not in the DFTS, to reduce dimensionality of
all classified service documents in a given domain.

Step 3: we leverage JGibbLDA (http://jgibblda.
sourceforge.net/), a Java implementation of LDA
by using Gibbs sampling (http://en.wikipedia.org’
wiki /Gibbs_sampling) for parameter estimation
and inference, to get the probability distributions of
each service document and its containing topics as
well as the probability distributions of each topic
and its containing terms.

Step 4: according to the obtained probability distributions,
we cluster a domain-specific service document
into the corresponding topic cluster if the
probability that the service document contains the
corresponding topic is greatest (we consider that
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if the probability that a service document contains
a topic is greater, the likelihood that the service
document belongs to the corresponding topic
cluster is also greater).

For example, assume that service document S, from
“Shopping™ domain contains 5 topics, and the probability
that it contains topic 1 is greatest, then S, is assigned to
topic cluster 1.

Step 5: repeat step 4 until clustering all classified service
documents from a given domain into 7 topic
clusters.

According to the clustering process described above,
we can get a set of topic clusters in a specific domain,
probability distributions of each service document and its
containing topics, and probability distributions of each
topic and its containing terms. Moreover, we can select
those terms with higher probability from each topic in
a specific domain to enrich the corresponding domain
ontology, thereby providing better support for semantic
services discovery.

4 Services Discovery Based on Topic
Clustering

On the basis of domain-oriented services classification
and topic-oriented services clustering, we propose a three-
phase approach to discover services by “domain-topic
cluster-service” matching. As shown in Figure 3, different
from traditional query approach which finds relevant
services from the whole service registry, in phases | and 2,
we intend to identify the matched domain and the matched
topic cluster in the matched domain by the corresponding
functional similarity computation; In phase 3, from the
functional and non-functional aspects, we compute the
similarity between user requirements and candidate
services in the matched topic cluster to discover user
desired services. In other words, phase 3 intends to quantify
the relevance of candidate services to user requirements. In

lzed Servic L B
Domain matching ] Di)
‘ L

.

D2

(_\/ ‘ ‘Toplc cluster matching
. J L

[ Legend

Jﬁ data store [ service /User desi

| Domain @@ Topic Cluster ; ;e] Sim 1

[ operation ( result list 'S?..s.'.'." £
Y

Figure 3 The Three-Phase Services Discovery Approach
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the following Sections, the proposed three-phase services
discovery approach based on “domain-topic cluster-
service” matching will be discussed in detail.

4.1 Matching between User Requirements and Candidate

Domains

We use cosine similarity to compute the similarity
between user requirements and candidate domains, and then
locate user requirements to the domain with the maximum
similarity. The general steps are as follows.

Step 1: parse user requirements. As mentioned in Section
3.1, we use the similar preprocessing technology to
parse user requirements description. Furthermore,
the parsed functional and non-functional
requirements are stored separately in the form of
text files to facilitate similarity computation.

Step 2: construct the weighted term vectors for a
candidate domain and the parsed user functional
requirements.

As described in Section 3.1, after domain-oriented
services classification, we can get the DTR ranked by KF-
IRF which indicates the relevance between a term and
the domain. Here, we choose the top-ranked (e.g., top
10) terms in the DTR which highly represent a domain as
domain keyword set (DKS). Note that terms in the DKS are
corresponding to concepts in the domain ontology.

When constructing the weighted term vectors, we
consider both term frequency and the corresponding values
of KF-IRF. More specifically, let £, be the frequency of a
term ¢ in the parsed functional requirements in step 1, and
kf - irf, denotes the KF-IRF value of the term ¢, in the DKS,
then the weight w, of the term ¢ in the requirements term
vector (WT(RTV)) can be defined as

) ®

0, otherwise

_{f,lxlgf—it_'f,‘,t,-eDKS'

So the weighted term vector for user functional
requirements is defined as

WTRTV)={(s, %, ):4 < DKS| 3

Similarly, the weight Wy, of keyword k; in the domain
keyword vector WT(DKV) can be defined as

w, =1, xKf ~irfy, k; =1,
W =

= 4
=i, @

otherwise

Then the weighted keyword vector for the domain is
defined as
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WI(DKV) = {(kj, w, )ik, e DKs'} ®)

Step 3: compute the cosine similarity. According to
the weighted term vectors for user functional
requirements and the domain obtained by step
2, the cosine similarity between them can be
calculated by Equation (6).

WI(RTV)-WT(DKV)
[WT(RTV) | WT(DKV)]
W, Wy ©

" Z.nx j=| [ ,,
. JZH O, 7 'JZJEI(W"/ y

Step 4: repeat steps 2 and 3 to get similarities between
user functional requirements and each candidate
domain.

Step 5: discover the matched domain. According to the
similarities obtained in step 4, user requirements
are matched to the domain with the maximum
similarity.

Sim(RTV ,DKV) =

4.2 Matching between User Requirements and Candidate

Topic Clusters

As mentioned in Section 3.2, when the clustering
process finishes, we can get the probability distributions of
each topic and its containing terms, and terms in each topic
are ranked by the probability that each term appears in the
corresponding topic. Therefore, we choose the top-ranked
(e.g., top 10) terms with higher probability to form the topic
feature term set (TFTS). Here, terms from the TFTS also
correspond to concepts in the domain ontology.

When constructing the weighted term vectors for a
candidate topic cluster in the matched domain and user
functional requirements, we consider both term frequency
and the corresponding probability that the term appears
in a specific topic. Then similar to Section 4.1, we also
use cosine similarity to compute similarities between user
functional requir and each candidate topic cluster
in the matched domain. Finally, user requirements are
matched to the topic cluster with the maximum similarity.

4.3 Matching between User Requirements and Candidate
Services
In this Section, from the functional and non-functional
perspectives (Quality of Service [32-33]), we compute
similarities between user requirements and services in
the matched topic cluster, then rank services according to
the obtained similarities, and return services selected by a
predefined similarity threshold (e.g., 0.4). The general steps
are as follows.
Step 1: Non-functional similarity computation.

When computing non-functional similarities between
user requirements and services, we use the modeling and
normalization methods of non-functional properties in
[34]. Firstly, all non-functional properties of service s
are modeled as a vector NFP, ={nfp,,, nfp,,, .... nfp. .\
Similarly, the parsed non-functional requirements r in
Section 4.1 are also modeled as a vector NFP, ={(nfp,,, w.\.
fp,20 W), wory (WD W)}, and 37w, = 1, w, € [0
Where w,, optional, are user-specified weights for reflecting
users’ preference to different non-functional properties. For
example, suppose that user rating is one of non-functional
properties, and one user may consider that the service is
better if its user rating is higher. Thus, the user may set
the weight of user rating greater than the weights of other
non-functional properties. By default, if the number of
non-functional properties in user requirements is », then
the weight of each non-functional property is //n. Then,
values of different non-functional properties with different
measurement units need to be normalized. As described in
[34], some non-functional properties (e.g., response time)
need to be normalized by minimization, while other non-
functional properties such as availability, reliability, need to
be normalized by maximization.

Next, we use Equation (7) to calculate non-functional
similarities between user requirements R and services
S. Where g; is a coefficient whose value is | or -1. For a
specific non-functional property in user requirements, if its
normalized value is smaller than the normalized value of
non-functional property of services, then g, is set to be 1
(we consider that a service with greater normalized value
of non-functional property can satisfy the user better).
Otherwise, 4 is set to be -1. For this case, if the normalized
value of non-functional property of a service is more close
to the normalized value of non-functional property in user
requirements, then the service can satisfy the user better.

For example, a user specifies the values of user rating
and availability as 4 and 0.9, respectively. For two services
S1 (5, 0.85), §2 (4.5, 0.75), the coefficient u, of user rating
is set to be 1 while the coefficient u, of availability is set
to be -1 when computing the similarity. Moreover, results
show that service S/ can satisfy the user better.

Simyy (R,S) =S 1w -(wfo,s o) (7)

Note that users need not to specify all non-functional
properties of services. Therefore, when computing the non-
functional similarity, we only focus on those non-functional
properties of services that overlap with non-functional
properties specified in user requirements. Furthermore,
if some requested non-functional properties are absent in
services, then the corresponding nfp,; = 0. If all requested
non-functional properties are absent in services, then
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directly set the non-functional similarity Sim,, (R,S) = 0. If

he radicand in Equation (7) is negative, then we take the

megative square root of absolute value of the radicand as
she non-functional similarity. For example, if the radicand

i -0.25, then the non-functional similarity is the negative

square root (-0.5) of 0.25.

Finally, for all services in the matched topic cluster,
we filter out those services with negative non-functional
<imilarities, to obtain the initial service set. Note that if
a1l non-functional similarities are negative, we select the
services that exceed a predefined similarity threshold (e.g.,
-0.5) as the initial service set.

Step 2: Functional similarity computation. According to the
initial service set obtained by step 1, we compute
the functional similarity between user requirements
and each service in the initial service set to reduce
the computational load. Similar to Sections 4.1 and
4.2, we still use cosine similarity to compute the
functional similarity between two services. The
difference is that when constructing the weighted
term vectors, terms in each service should overlap
with terms in the TFTS of the matched topic
cluster.

Step 3: Similarity integration. According to the functional
similarity and non-functional similarity obtained
from steps 1 and 2, the overall similarity Sim(R.S)
between user requirements R and service § is
computed using Equation (8).

Sim(R,S) = (1-2) Sim/(R,S) + ASim,;(R,S) ~ (8)

Where 4 e [0,1], is the weight of non-functional
similarity. More specifically, when 4 = 0, Sim(R.S) equals
functional similarity, and when 4 = 1, Sim(R,S) equals non-
functional similarity. When 4 e (0,1), Sim(R.S) is calculated
as the weighted sum of functional and non-functional
similarity. For this case, if the non-functional similarity
from step 1 is negative, which further leads to the negative
overall similarity, then Sim(R.S) is directly set to be zero.

In general, the weight of functional similarity is set
greater than non-functional similarity. However, in some
special context, for example, assume that one user wants
to request “payment” service for online shopping, and then
the user may have strong requirements for non-functional
properties of services such as security and response time. In
this context, the weight of non-functional similarity should
be set greater than functional similarity.

Step 4: services delivery. We rank services according to
overall similarities obtained by step 3, and then
return those services that exceed a predefined
similarity threshold (e.g., 0.4).
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5 Experimental Results and Analysis

We conduct a series of experiments to evaluate our
proposed approach. All experiments are implemented in
Java, and conducted on PCs with Intel Core(TM) i5 CPU
760, @ 2.80 GHz and 4 GB main memory, running the
Windows 7 operating system.

5.1 Experimental Data Set

Our data set for experiments is from PWeb, a popular
service and mashup registry. PWeb provides programmable
APIs for users to get descriptive data about the registered
services, such as API name, tags, description. We combine
PWeb open API and crawler to collect such descriptive
data of all registered services from PWeb. For example, as
shown in Figure 4, we mainly extract the profile information
shown in the rectangles including functional aspects of
“PayPal Invoicing” API (http://www.programmableweb.
com/api/paypal-invoicing) such as API name, description,
and non-functional aspects, e.g., user rating. Moreover, the
extracted two kinds of data are stored separately in the form
of text files to facilitate similarity computation. For services
followed SOAP protocol, we also collect WSDL documents
corresponding to such services. We totally collect 7,190
service documents from 63 domains at PWeb (data gathered
on Sep. 7, 2012). Then these service documents are
preprocessed by using the preprocessing in Section 3.1, to
prepare for the subsequent operations.

5.2 Analysis of Clustering Accuracy and Time

Before performing topic-oriented services clustering,
we leverage ontology-empowered SVM to classify the
preprocessed service documents. Currently, we mainly
focus on 24 domains with more than 100 APIs except
“Other” domain due to the following two reasons. On
the one hand, most domains at PWeb contain different
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number of APIs, such as “Internet” domain containing 428
services, “Dating” domain only containing 2 services. The
unbalanced distribution of APIs in different domains will
lead to difficult to unified specify the scale of training set
for all domains when using SVM to classify services. On
the other hand, if the scale of training set is too small, then
it is difficult to obtain higher classification accuracy by
using training model generated from the small scale training
set. For the chosen 24 domains, we perform domain-
oriented services classification according to the procedure
described in Section 3.1. Table 1 shows the classification
results from randomly selected 5 domains.

Table 1 Classification Results from 5 Domains

Number of classified
services Domain term ranklist
Domain Ontology- (Top 10, ranked by
PWeb empowered KF-IRF)
SVM
Financial 217 255 finance, stock, trade,

invoice, currency, tax,
exchange, money, quote,
payment

2 532 internet, url, cloud,
ip, host, monitor, link,

utility, website, server

Internet 4

Mapping 229 309 map, location, address,
place, direction, gp,
latitude, longitude, gi,

route

Shopping 210 243 shopping, deal, product,
coupon, affiliate,
merchant, payment, cart,
order, price

Social 342 472 social, twitter, network,
friend, share, medium,
post, tweet, photo,

platform

As shown in Table 1, the number of classified services
in each domain from ontology-empowered SVM is
more than services from PWeb. The reason is that each
service from PWeb belongs to only one domain, while
our classification approach can support the case that one
service belongs to two or multiple domains. Table 1 also
lists the top 10 terms ranked by KF-IRF from 5 domains.
Terms which can highly represent a domain are used to
build domain ontology for supporting semantic services
discovery.

On the basis of domain-oriented services classification,
we perform topic-oriented services clustering according

to the steps in Section 3.2. For the DTR generated from
services classification, we choose the top 200 terms in the
DTR and set the threshold of DRD to be 90%, and then get
the DFTS to reduce dimensionality of classified services in
a given domain. Next, we leverage JGibbLDA to obtain the
corresponding probability distributions, and cluster each
service into the corresponding topic cluster according to the
obtained probability distributions.

We design a set of experiments to compare the
clustering accuracy and clustering time among our topic-
oriented clustering approach (TOCA), directly applying
LDA to services clustering (D-LDA) and K-means.

We adopt the purity to evaluate the clustering results.
In general, the higher the purity is, the better the clustering
result is. Purity is the number of services in a specific
cluster that overlap with services in the standard cluster
(obtained by manually clustering) divided by the number
of all services in a specific cluster. The purity of one cluster
[35] can be defined as

1 i
POC)) =|*chm§”‘("f) ©)

Where T'C, represents the set of services that are
clustered into the jth topic cluster; |7C,| denotes the number
of services in topic cluster 7C;; ] indicates the number of
services in the ith standard cluster are assigned to the jth
topic cluster. On this basis, the overall purity of services
clustering in a specific domain is defined as

o
PC(IC)=Y" H%PC(TC,) (10)

Where |DS] denotes the total number of all classified
services in a specific domain.

However, identification of the standard clusters in a
specific domain is a non-trivial task. Here, we compute the
similarity between each service and all topics in a specific
domain using the similar approach in Section 4.2, and each
service is divided into the corresponding topic cluster with
the maximum similarity. Then we manually determine the
final standard clusters.

Next, we evaluate the purity and clustering time of
using K-means, D-LDA and our approach TOCA for the
selected 5 domains, the results are shown in Figure 5 and
Figure 6 respectively.

As shown in Figure 5, for any of the selected 5 domains,
our TOCA outperforms both K-means and D-LDA in
purity. More specifically, purity of each domain obtained
by our TOCA exceeds 70%, while the maximum purity
obtained by D-LDA reaches 64.4% (“Internet” domain),
and the maximum purity by K-means only reaches 41.6%
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(“Shopping™ domain). Such results indicate that our TOCA
can effectively improve the clustering results.

The reasons for such results are analyzed as follows.
Compared to TOCA, the purity obtained by D-LDA is
lower due to without adopting the dimensionality reduction
strategy, while the purity of K-means is worst may be
due to the following two reasons: (1) we just use term
frequency to represent service documents as vectors when
computing the similarity; (2) the number of services in each
cluster generated from K-means is greatly different. More
specifically, there are one or two clusters containing the
vast majority of services in each domain, while the purity
of such clusters is lower which leads to lower overall purity
according to the definition in Equation (10).

Figure 6 shows that the clustering time becomes longer
with the increase in the number of services. However, for
the same number of services, e.g., services in a specific
domain, the clustering time of three approaches are greatly
different. More specifically, the clustering time using
K-means is the least, while D-LDA spends the longest time.
For example, the time for clustering the classified services
in “Shopping” domain by using three approaches are
respectively 2,365 ms (K-means), 6,789 ms (D-LDA), and
4,199 ms (TOCA). For other 4 domains, we can get similar
results.

The reasons for such results are: the clustering time of
K-means is the least because it needs less iteration due to

without Gibbs sampfing; whife TOCA takes fess time than
D-LDA because it uses the DFTS to reduce dimensionality

of service documents, consequently accelerating the process
of Gibbs sampling.

According to the above analysis, we can conclude that
the clustering time of K-means is the least, but its purity is
the lowest. The purity of D-LDA is higher than K-means
but its clustering time is longest. The clustering time of our
TOCA is slightly longer than K-means, but this overhead
is acceptable because services clustering only needs to be
performed periodically before services discovery. More
importantly, the purity of TOCA is the highest.

5.3 Accuracy and Efficiency Analysis of Services

Discovery

In this Section, we evaluate the accuracy and efficiency
of our discovery approach based on “domain-topic cluster-
service” matching through a scenario. We adopt three
indexes, Precision, Recall, and F-measure, to evaluate
the accuracy of services discovery, and use query time to
evaluate the efficiency of services discovery.

Precision is the number of retrieved services that are
relevant to user requirements divided by the number of all
retrieved services; Recall is the number of relevant services
divided by the number of services that should have been
retrieved; F-measure is a weighted average of Precision
and Recall. Precision, Recall, and F-measure are defined in
Equation (11).

= I{relevant services}({retrieved services}|

Pr = 5
I{rem'eved services}]
e I{relevant services} (\{retrieved services}l an
i |{re1evant services}| ?
Fe o Precision - Recall

Precision + Recall

The following scenario is provided to evaluate the
accuracy and efficiency of our three-phase services
discovery approach. Suppose that one user wants to
accurately query the exchange rates of RMB against U.S.
dollar, and then the user may query “currency rates of
RMB to dollar” as functional requirements, and expect user
ratings of candidate services is greater than “4.0” (non-
functional requirements).

According to “domain-topic cluster-service” matching
approach, in phase 1, we find the matched domain from
24 candidate domains. As described in Section 4.1,
user’s requirements description is parsed into two parts:
functional requirements and non-functional requirements.

Then we choose the top 10 terms in the DTR to get the
DKS and compute the similarity between user’s functional
requirements and each candidate domain. According (o
the calculation results, user’s requirements are located to



552 Journal of Internet Technology Volume 15 (2014) No.4

“Financial” domain with the similarity of 0.524.

In phase 2, we find the matched topic cluster in
“Financial” domain. We choose the top 10 terms in each
topic from “Financial” domain to get the TFTS, and
then compute the similarity between user’s functional
requirements and each topic cluster. Then user’s query is
matched to topic cluster 1 in “Financial” domain with the
similarity of 0.646.

In phase 3, we find user desired services by computing
both functional and non-functional similarities between
user’s query and services in topic cluster 1 using the steps
in Section 4.3.

There are totally 34 services in topic cluster I in
“Financial” domain, bus we need 0ot 10 compute similarities

between user’s guery and al) of 34 services. As mentioned
in step 1 in Section 4.3, to oblain the initial service sef. we

can filter out those services with negative non-functional
similarities. There are 9 services to be filtered out, which
reduce the computational overhead to 73.5%. Then, we set
the weight of non-functional similarity to be 0.2 to compute
the overall similarity between user’s query and each of 25
services in the initial service set.

According to keyword-based query approach, a total of
39 services are obtained from all domains and 32 services
are retrieved from “Financial” domain at PWeb by finding
“currency rates.” In order to evaluate the accuracy of query
results, twenty graduate students and twenty undergraduate
students are asked to identify how many services retrieved
by the keyword-based method are closely related to user’s
requirements. The judgment of individual student is very
personal and subjective, thus the number of relevant
services retrieved by each method is the average of results
from forty students.

Next, we analyze the effect of the overall similarity
threshold stk to services discovery results. The threshold
sth is set to be 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, and 0.9,
respectively. Then we consider the 17 relevant services
retrieved from all domains at PWeb as the relevant services
set, to calculate the values of Precision, Recall, and
F-measure by the corresponding definition in Equation (11).
The results are shown in Table 2. #rt denotes the b

F-measure is the largest. Therefore, those services in topic
cluster 1 whose overall similarity exceeds 0.4 are selected
as desired results.

There are 13 (out of 25) services retrieved by our
approach. Table 3 lists the top 10 services ranked by the
overall similarity, and also lists the functional similarity and
non-funetional similarity.

Table 2 The Effect of Similarity Threshold sth to Services
Discovery Results

sth #rt #rv Precision (%) Recall (%) F-measure (%)

0.1 23 13 56.5 76.5 65.0

02 23 13 56.5 76.5 65.0

03 14 11 78.6 64.7 71.0

04 13 11 #4.6 64.7 73.3

05 12 10 83.3 58.8 68.9
06 12 10 833 58.8 68.9
() L () 90.9 58.8 71.4
08 8 7 87.5 412 56.0
09 4 4 100.0 23.5 38.1

Table 3 Top 10 Services Retrieved from Topic Cluster 1 in
“Financial” Domain

API name SimfR, S) Sim,(R, S) z'":(g 25;)
XigniteCurrencies 0.958 1.000 0.966
Mondor Currency 0.947 1.000 0.958
Exchange XML
Xurrency 0.898 1.000 0918
Open Source Currency ~ 0.940 0.800 0912
XigniteMoneyMarkets ~ 0.847 1.000 0.878
Foxrate 0.954 0.500 0.863
The Currency Cloud 0.941 0.500 0.853
Xavier Finance 0.758 1.000 0.807
Exchange Rates
Exchange Rate 0.937 0.000 0.749
VirWoX 0.921 0.000 0.737

of retrieved services that exceed the specified similarity
threshold, #rv denotes the number of retrieved services that
are relevant to user requirements (obtained by the average
of judgment results from forty students).

As shown in Table 2, Precision becomes higher as
the threshold sth increases, while Recall becomes lower.
F-measure fluctuates as the threshold sth becomes larger.
Since F- e comprehensively cc s Precision
and Recall, we determine the value of the threshold sth
according to F-measure in this scenario. Table 2 shows
that when the threshold stk is set to be 0.4, the value of

.

Table 4 summarizes the results of two methods. As
shown in Table 4, our approach outperforms keyword-based
query approach in both Precision and F-measure indexes.
For the Precision index, our approach reaches 84.6%, while
the keyword-based query approach is very low (43.6% and
46.9% respectively). The reasons are analyzed as follows.
The Precision of keyword-based approach is lower due
to the ambiguity of keywords. While our approach adopts
“domain-topic cluster-service” matching, and use domain
ontology (domain knowledge extracted from service




Tabie 4 Comparisons of Query Results

Keyword-based
Query from  Our
Query fr(.nn Financial ~approach
all domains =
domain
39 32 13
17 15 11
43.6 46.9 84.6
100.0 88.2 64.7
%) 60.7 61.2 733

) to discover services. Moreover, our approach
non-functional aspects of user requirements and

For the Recall index, however, our approach is lower
8= %) As described before, relevant services retrieved by
s spproach just from only one topic cluster in a specific
Semain according to “domain-topic cluster-service”
masching. That is why the Recall of our approach is lower.
Alhough our approach has lower Recall, it can retrieve
selevant services from other domain. For this scenario,
e service named “The Currency Cloud” (row 8 in Table
3 from “Payment” domain can be discovered. Moreover,
= the near future, we can get more relevant services by
recommending those highly related services from other
sopic clusters in a specific domain using the corresponding
services recommendation approach, to improve the Recall
mdex.

We further conduct experiments to evaluate the
efficiency of our approach. Table 5 lists the query time
of two approaches. The results indicate that the query
uime of our approach is apparently less than keyword-
based approach. The reason is that we do not search user
desired services from all domains or “Financial” domain,
but gradually locate user requirements from the matched
domain to the matched topic cluster, and filter out those
services with negative non-functional similarity. All these
operations greatly reduce the query time, thereby improving
the efficiency of services discovery.

Table 5 Comparisons of Query Time
ery time
Ampeincee (n?illlligconds)
Query from all 9,730
Keyword-based e
Query from Financial 506
domain

Our approach 242
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The above analysis shows that our approach has higher
services discovery accuracy and greatly improves the
efficiency of services discovery. The proposed approach
is particularly valuable in building search engine for
small scale service registries, and it is also benefical for
services composition and recommendation. Furthermore,
the proposed approach has been applied to the modules of
services organization and services discovery in CloudCRM
(http://202.114.107.230:8080/CloudCrm/login.jsp).
CloudCRM is a platform for SaaS service management and
customization. A large number of Web services and Web
APIs are registered in this platform. The approach proposed
in this paper can support on-demand service customization
for users from small and medium enterprises.

6 Conclusion

It is a challenging task to efficiently and accurately
discover services that satisfy user’s personalized
requirements. Services clustering can effectively promote
services discovery. In this paper, on the basis of domain-
oriented services classification, we propose a topic-oriented
services clustering approach. Then we propose a three-
phase services discovery approach based on “domain-topic
cluster-service” matching. Two major benefits are that: (1)
clustering services into functional similar topic clusters
can greatly reduce the search space; (2) services discovery
based on “domain-topic cluster-service” matching can
improve the accuracy of services discovery. To sum up,
the proposed services discovery approach based on topic-
oriented clustering can efficiently find user desired services
and has higher accuracy of discovery.

In the future, we plan to continue our research from
the following aspects. Firstly, we will obtain more non-
functional properties of services such as response time
and reliability. Secondly, according to the invocation/
composition relationships (e.g., APl invocation
relationships among mashups) and usage patterns among
services, we will establish the relationships among topic
clusters, to provide support for services composition and
recommendation. Thirdly, we will apply our approach to
enhance existing service registry-oriented search engine.
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