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a b s t r a c t 

With the broad adoption of service-oriented architecture, many software systems have been developed 

by composing loosely-coupled Web services. Service discovery, a critical step of building service-based 

systems (SBSs), aims to find a set of candidate services for each functional task to be performed by an 

SBS. The keyword-based search technology adopted by existing service registries is insufficient to retrieve 

semantically similar services for queries. Although many semantics-aware service discovery approaches 

have been proposed, they are hard to apply in practice due to the difficulties in ontology construction 

and semantic annotation. This paper aims to help service requesters (e.g., SBS designers) obtain rele- 

vant services accurately with a keyword query by exploiting domain knowledge about service function- 

alities (i.e., service goals) mined from textual descriptions of services. We firstly extract service goals 

from services’ textual descriptions using an NLP-based method and cluster service goals by measuring 

their semantic similarities. A query expansion approach is then proposed to help service requesters re- 

fine initial queries by recommending similar service goals. Finally, we develop a hybrid service discovery 

approach by integrating goal-based matching with two practical approaches: keyword-based and topic 

model-based. Experiments conducted on a real-world dataset show the effectiveness of our approach. 

© 2018 The Author(s). Published by Elsevier Inc. 

This is an open access article under the CC BY license. ( http://creativecommons.org/licenses/by/4.0/ ) 
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. Introduction 

Recent years have witnessed a software development paradigm

ransformation from component-based to service-based due to the

road adoption of service-oriented architecture (SOA) and its re-

ated technologies ( He et al., 2014 ). The service-based paradigm

an not only reduce the cost, time, and effort s required for soft-

are development, but also promote the reusability, agility, and

uality of the resulting systems ( Bano et al., 2014 ). A large num-

er of software systems have been developed by discovering and

omposing loosely-coupled Web services provided by different or-

anizations ( He et al., 2016 ). 

Many companies like Google, Facebook, and Amazon have

ncapsulated some of their capabilities as Web services and

ublished them through Web service registries such as Pro-

rammableWeb 1 (PW) and Mashape. 2 For example, as of June

, 2017, more than 17,600 and 6,000 services have been regis-
∗ Corresponding author. 

E-mail addresses: nengzhang@whu.edu.cn (N. Zhang), jianwang@whu.edu.cn 

J. Wang), ytma@whu.edu.cn (Y. Ma), hekeqing@whu.edu.cn (K. He), 

hengli_hope@whu.edu.cn (Z. Li), frankliu@uark.edu (X. Liu). 
1 https://www.programmableweb.com/ . 
2 https://www.mashape.com/ . 

F  

l

i  

c  

a  

e  

ttps://doi.org/10.1016/j.jss.2018.04.046 

164-1212/© 2018 The Author(s). Published by Elsevier Inc. This is an open access article
ered at PW and Mashape, respectively. These services can be

sed to create value-added services (referred to as composite ser-

ices or mashups) or other service-based systems (SBSs). Gener-

lly speaking, the process of building an SBS consists of three

tages ( He et al., 2016 ): 1) system planning, which determines tasks

eeded to implement the functionalities of the SBS; 2) service dis-

overy , which identifies a set of candidate services for each task;

nd 3) service selection , which selects one service from each set of

andidate services to fulfil the constraints of system quality, e.g.,

eliability and throughput. In this research, we focus on the ser-

ice discovery stage, i.e., how to retrieve a set of candidate services

hat can perform a specific task from a service registry? 

There are many semantically similar functionalities provided by

ifferent services in a registry. The keyword-based search technol-

gy adopted by existing service registries is insufficient to discover

ervices whose functionalities are similar to a query (e.g., the key-

ord description of a task) ( Chen et al., 2013; Wang et al., 2017 ).

or example, many services in PW provide similar functionalities

ike “book hotel,” “book lodge,” and “book accommodation.” Us- 

ng any one of these functional keywords as a query, services that

ontain similar functionalities are hard to be retrieved by PW. As

n example, we submitted “book lodge” to the PW service search

ngine, but the search engine returned only six services that ex-
under the CC BY license. ( http://creativecommons.org/licenses/by/4.0/ ) 

https://doi.org/10.1016/j.jss.2018.04.046
http://www.ScienceDirect.com
http://www.elsevier.com/locate/jss
http://crossmark.crossref.org/dialog/?doi=10.1016/j.jss.2018.04.046&domain=pdf
http://creativecommons.org/licenses/by/4.0/
mailto:nengzhang@whu.edu.cn
mailto:jianwang@whu.edu.cn
mailto:ytma@whu.edu.cn
mailto:hekeqing@whu.edu.cn
mailto:zhengli_hope@whu.edu.cn
mailto:frankliu@uark.edu
https://www.programmableweb.com/
https://www.mashape.com/
https://doi.org/10.1016/j.jss.2018.04.046
http://creativecommons.org/licenses/by/4.0/


74 N. Zhang et al. / The Journal of Systems and Software 142 (2018) 73–91 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

k  

q  

s  

d  

v  

s  

o

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

c  

o  

r  

s  

fi  

a  

f

 

t  

p  

d  

t  

c  

S  

c  

S

2

2

 

i  

t  

p  

b  

2  

a  

a  

e  

2

 

plicitly contain words book / booking and lodge / lodging in their de-

scriptive data. 

There are two essential elements in service discovery: the

queries specified by service requesters and the service discovery

approaches adopted by service registries. Accordingly, to address

the drawback of keyword-based technology, two research direc-

tions are dedicated to discovering similar services. 

One research direction is to expand queries with rele-

vant concepts extracted from lexical databases (e.g., WordNet 3 

( Miller, 1995 )) or domain ontologies. The primary limitation of ex-

isting query expansion approaches ( Kokash et al., 2006; Aljoumaa

et al., 2011; Paliwal et al., 2012; Ma et al., 2013 ) is that they

purely rely on external knowledge bases and do not leverage the

local knowledge about service registries. Therefore, the expanded

queries may be ineffective for service discovery in a specific reg-

istry. For example, the highly relevant concepts (including the syn-

onyms, hypernyms, and hyponyms) of book and hotel that can be

extracted from WordNet are 

book: reserve, record, enter, hold; 

hotel: lodge, hostel, building, edifice. 

Many of the extracted concepts are irrelevant, e.g., record, en-

ter, hold, building, and edifice , while they do not include some de-

sired concepts, e.g., accommodation , which will result in retriev-

ing many unnecessary services and missing some relevant ones.

Similarly, some concepts extracted from domain ontologies may

also be irrelevant while some relevant ones are missing. Moreover,

ontology-based query expansion approaches are limited by the fact

that there is usually no suitable domain ontology at hand. 

The other research direction is to develop semantics-aware ser-

vice discovery approaches. The basic idea is to describe services

and queries using ontology-based semantic Web service descrip-

tion languages, e.g., SAWSDL 4 (Semantic Annotations for WSDL and

XML Schema), OWL-S 5 (Ontology Web Language for Services), and

WSMO 

6 (Web Service Modeling Ontology), and to design logic-

based reasoning algorithms for retrieving similar services ( Crasso

et al., 2011; Klusch et al., 2016 ). This principle has developed a

large number of methods and techniques ( Klusch and Kaufer, 2009;

Wei et al., 2011; García J et al., 2012; Roman et al., 2015; Ro-

driguez Mier et al., 2016 ; Chen et al., 2017a ), which have been

shown to be more useful than the keyword-based technology.

However, these approaches are difficult to apply due to several fac-

tors ( Crasso et al., 2011; Aznag et al., 2014; Cassar et al., 2014 ):

1) constructing and maintaining ontologies may be difficult, 2) it

requires considerable efforts in manually annotating services and

queries using ontology-based description languages, and 3) logic-

based reasoning algorithms usually lead to high complexity. Alter-

natively, there are many non-logic-based semantics-aware service

discovery approaches ( Wang et al., 2017; Aznag et al., 2014; Cassar

et al., 2014; Li et al., 2014; Naim et al., 2016 ) proposed by lever-

aging latent topic/factor models, e.g., Probabilistic Latent Semantic

Analysis (PLSA) ( Hofmann, 1999 ), Latent Dirichlet Allocation (LDA)

( Blei et al., 2003 ), and Bi-term Topic Model (BTM) ( Cheng et al.,

2014 ). These approaches can help retrieve similar services; how-

ever latent topics learned by these models are too coarse to pre-

cisely match services to queries, which limits the performance. 

In Zhang et al. (2017) , we proposed an approach to extracting

service goals (i.e., service functionalities), e.g., < book, hotel, null >

and < retrieve, pricing information, {for booking hotel} > , from tex-

tual descriptions of services. In this paper, we propose a service

discovery approach by utilizing the service goals, aiming to help

service requesters obtain similar services accurately with a simple
3 http://wordnet.princeton.edu/ . 
4 https://www.w3.org/TR/sawsdl/ . 
5 https://www.w3.org/Submission/OWL-S/ . 
6 https://www.w3.org/Submission/WSMO/ . 
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eyword query. The key part of our approach is a goal-oriented

uery expansion approach. Given a query, a set of semantically

imilar service goals is recommended. Informed by the recommen-

ations, service requesters can gain a better understanding of ser-

ice functionalities relevant to their functional requirements and

elect some desired goals as an expanded query. The contributions

f this research are outlined below: 

1. We propose a method for service goal clustering. Similarities

between service goals are measured based on the semantic

similarities of words in WordNet. Moreover, we distinguish the

importance of three different types of words in service goals,

which contributes to more accurate similarities. 

2. We propose a goal-oriented query expansion approach based

on service goal clusters. Faced with a query, service goals as-

signed to the clusters that are similar to the query are rec-

ommended, from which the service requester can expand the

query by selecting some appropriate goals. Note that we do not

adopt an automatic strategy that directly uses all recommended

goals as an expanded query without the requester’s involve-

ment because some of the recommendations may not be appro-

priate for the requester, which will lead to returning irrelevant

services. 

3. We propose a hybrid service discovery approach based on the

expanded query. The approach integrates a goal-based service

matching mechanism with two widely adopted approaches: a

keyword-based approach and an approach based on the LDA

topic model. 

We conducted experiments on a real-world service dataset

rawled from PW. Fourteen subjects were recruited to build a set

f 21 queries and evaluate the recommended service goals and

etrieved services for each query. According to the evaluation re-

ults, the proposed goal-oriented query expansion approach can ef-

ciently recommend semantically similar service goals for queries;

nd the proposed service discovery approach achieves better per-

ormance than several existing approaches. 

The rest of the paper is organized as follows. Section 2 reviews

he related work. Section 3 gives an overall framework of the pro-

osed service discovery approach. In Section 4 , we briefly intro-

uce our previous service goal extraction approach and describe

he method for service goal clustering. Section 5 describes the pro-

ess of service discovery based on goal-oriented query expansion.

ection 6 presents the experiments and evaluations. Section 7 dis-

usses the contributions, limitations, and threats to validity.

ection 8 concludes this work and introduces our future work. 

. Related work 

.1. Web service discovery 

Web Service discovery refers to finding services that can sat-

sfy functional requirements specified by a user query. As one of

he core techniques in SOA, it has been studied extensively in the

ast two decades. Most existing works on service discovery can

e categorized into two groups: syntactic approaches ( Dong et al.,

0 04; Wang and Stroulia, 20 03; Cong et al., 2015 ) and semantics-

ware approaches ( Wang et al., 2017; Aznag et al., 2014; Klusch

nd Kaufer, 2009; Wei et al., 2011; García J et al., 2012; Roman

t al., 2015; Rodriguez Mier et al., 2016; Cassar et al., 2014; Li et al.,

014; Naim et al., 2016; Lu et al., 2016 ; Chen et al., 2017b ). 

Syntactic approaches mainly discover services through matching

he keywords of services with those of queries using information

etrieval (IR) techniques, e.g., vector space model (VSM) and term

requency-inverse document frequency (TF-IDF) ( Manning et al.,

009 ). Although syntactic approaches can benefit from IR tech-

iques and have incorporated several enhancement methods, e.g.,

http://wordnet.princeton.edu/
https://www.w3.org/TR/sawsdl/
https://www.w3.org/Submission/OWL-S/
https://www.w3.org/Submission/WSMO/


N. Zhang et al. / The Journal of Systems and Software 142 (2018) 73–91 75 

s  

t  

s

 

o  

v  

g  

c  

C  

n  

2  

b  

m  

a  

v  

m  

M  

W  

a  

e  

m  

G  

b  

b  

p  

q  

e  

m  

t

 

A  

2  

i  

P  

p  

o  

i  

(  

d  

A  

a  

M  

2  

l  

S  

a

 

a  

c  

A  

h  

N  

i  

p  

e  

f  

d  

i  

i  

k

2

 

i  

i  

w  

l

 

p  

e  

2  

k  

i  

r  

t  

e  

a  

a  

p  

N  

t  

T  

t  

d  

c  

v  

f

 

p  

i  

v  

o  

i  

W  

v  

q  

p  

s  

r

3

 

c  

v  

e  

m  

e

 

w  

a  

p  

t  

S  

2  

e  

t  

i  

d  

j

 

e  

t  

p  

o  

m  

o  

i  

M  

t  

W  
tructural matching of WSDL ( Wang and Stroulia, 2003 ) and clus-

ering algorithms ( Dong et al., 2004; Cong et al., 2015 ), they still

uffer from low precision and recall ( Plebani and Pernici, 2009 ). 

Semantics-aware approaches attempt to overcome the drawback

f syntactic approaches by searching for semantically similar ser-

ices of queries. Existing studies can be divided into two subcate-

ories: logic-based ( Klusch and Kaufer, 2009; Wei et al., 2011; Gar-

ía J et al., 2012; Roman et al., 2015; Rodriguez Mier et al., 2016 ;

hen et al., 2017a ) and non-logic-based ( Wang et al., 2017; Az-

ag et al., 2014; Cassar et al., 2014; Li et al., 2014; Naim et al.,

016; Lu et al., 2016 ; Chen et al., 2017b ). The key idea of logic-

ased approaches is to describe services using ontology-based se-

antic Web service description languages (e.g., SAWSDL, OWL-S,

nd WSMO) and design logic-based reasoning algorithms for ser-

ice retrieval. For example, Klusch et al. proposed service match-

akers for different types of semantic services, e.g., SAWSDL-

X ( Klusch et al., 2009a ), OWLS-MX ( Klusch et al., 2009b ), and

SMO-MX ( Klusch and Kaufer, 2009 ). Wei et al. (2011) proposed

 customizable SAWSDL service matchmaker that can support sev-

ral matching strategies according to different application require-

ents by extending XQuery with various similarity measures. In

arcía J et al. (2012) , an approach was proposed to filter services

y adding a preprocessing stage based on SPARQL queries. It has

een demonstrated that logic-based approaches can achieve good

erformance because of the accurate descriptions of services and

ueries. However, they are difficult to apply because considerable

ffort s are required for specifying and managing ontologies, and

anually annotating services and queries using semantic descrip-

ion languages ( Crasso et al., 2011 ). 

Recently, some non-logic-based approaches ( Wang et al., 2017;

znag et al., 2014; Cassar et al., 2014; Li et al., 2014; Naim et al.,

016 ) have been proposed to retrieve similar services by utiliz-

ng latent topic models. For example, Cassar et al. (2014) used

LSA and LDA to extract latent topics from service descriptions and

roposed a service matchmaker based on the topic distributions

f services. Wang et al. (2017) adopted BTM to learn latent top-

cs from services and introduced a concept “common topic group

CTG)” to organize the services that share multiple topics. A service

iscovery approach was then proposed based on CTG matching.

lthough these approaches can help obtain similar services, their

ccuracy is limited by the coarseness of the learned latent topics.

oreover, there are several non-logic-based approaches ( Lu et al.,

016 ), Chen et al. (2017) proposed by leveraging the semantic re-

ationships among words in WordNet. However, as explained in

ection 1 , some semantic relationships may be unexpected, which

ffects the performance of these approaches. 

In summary, existing syntactic approaches and semantics-aware

pproaches (including both logic-based and non-logic-based) are

hallenging to achieve both high effectiveness and practicality.

lso, as mentioned previously, it is difficult for users to specify

igh-quality queries, which may lead to returning poor services.

evertheless, most of these approaches do not consider improv-

ng the quality of user queries. Compared with these works, we

ropose a novel non-logic-based service discovery approach, which

xpands user queries based on service goal knowledge extracted

rom textual service descriptions. In Zhang et al. (2017) , we intro-

uced a three-stage algorithm for service goal extraction based on

n-depth analysis of linguistic information of various sentences. We

nvestigate in this work how to leverage the extracted service goal

nowledge to improve the performance of service discovery. 

.2. Query expansion 

Query expansion is a technique that has been widely adopted to

mprove IR systems such as Web search ( Ghali and Qadi, 2017 ) and

mage retrieval ( Wang et al., 2017 ) by enhancing original queries
ith relevant terms extracted from vocabularies, ontologies, query

ogs, and so on. 

To the best of our knowledge, only a limited number of works

ay attention to query expansion for service discovery ( Kokash

t al., 2006; Aljoumaa et al., 2011; Paliwal et al., 2012; Ma et al.,

013 ). For example, Kokash et al. ( Kokash et al., 2006 ) expanded

eywords in WSDL descriptions and queries using their synonyms

n WordNet. Aljoumaa et al. (2011) reformulated queries expressed

egarding goals with verbs and terms extracted from domain on-

ologies. Paliwal et al. (2012) enhanced queries by leveraging rel-

vant concepts in domain ontologies. Ma et al. (2013) proposed

 query expansion approach that simultaneously uses WordNet

nd domain ontologies to find relevant terms of a query. The ap-

roach consists of two stages: a lexical expansion that uses Word-

et to obtain general associated terms and a semantic expansion

hat uses domain ontologies to deal with domain-specific terms.

o sum up, these approaches can enhance user queries to a cer-

ain extent by utilizing semantically relevant terms in WordNet or

omain ontologies. However, as discussed in Section 1 , some con-

epts extracted from WordNet or domain ontologies may be irrele-

ant while some relevant ones are missing, which still prevents us

rom obtaining desired services. 

Here, we propose a novel goal-oriented query expansion ap-

roach, which differs from existing query expansion approaches

n three aspects. Firstly, instead of expanding queries with rele-

ant terms, we expand queries with service goals (in the form

f < Verb + Noun + Prepositional Phrases > ). Secondly, while exist-

ng approaches mainly depend on external knowledge bases (e.g.,

ordNet and domain ontologies), our approach leverages the ser-

ice goal knowledge mined from services; thus the expanded

ueries are more useful for service discovery. Thirdly, in our ap-

roach, service requesters are directly involved in the query expan-

ion process, to ensure that the expanded queries can accurately

epresent their requirements. 

. Approach overview 

Fig. 1 gives an overall framework of the proposed service dis-

overy approach, which consists of two major modules: offline ser-

ice mining and online service discovery. Several types of knowl-

dge will be mined from a given set of services during the offline

odule, which will be used to facilitate the online service discov-

ry. 

The input of offline service mining is categorized services,

hich can be provided by most existing service registries. For ex-

mple, services registered at PW and Mashape are organized by

redefined categories. If the services have no predefined category,

hey need to be categorized using classification techniques, e.g.,

upport Vector Machine (SVM) ( Zhang et al., 2012; Chang and Lin,

011 ). Moreover, there may be overlaps among the predefined cat-

gories, e.g., Travel, Hotels , and Booking in PW, which will lead to

he missing of some relevant services if the scope of service search

s restricted to the category that is most similar to a query. To ad-

ress this issue, the category assignments of services can be ad-

usted by performing service categorization. 

Once the services are well categorized, two steps will be ex-

cuted on the set of services in each domain. (Note that we use

he two terms “category” and “domain” interchangeably in this pa-

er.) Firstly, service goals are extracted from the textual description

f each service using a natural language processing (NLP)-based

ethod proposed in our previous work ( Zhang et al., 2017 ). Sec-

ndly, the set of service goals extracted from all services is grouped

nto clusters using clustering techniques, e.g., the overlapping K -

eans algorithm ( Khanmohammadi et al., 2017 ). Similarities be-

ween service goals are measured based on the word similarities in

ordNet. In particular, to measure the similarities more accurately,
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Fig. 1. Overview of the proposed service discovery approach. 
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7 https://nlp.stanford.edu/software/lex-parser.shtml . 
we distinguish the importance of three different types of words in

service goals. For this task, a set of core nouns and a set of verbs

are built for each domain. As for the set of core nouns, domain an-

alysts select them from a ranked domain keyword list generated

using some well-known techniques, e.g., TF-IDF. Similarly, domain

analysts select the set of verbs from a verb list collected from ser-

vice goals. Section 4 presents more details of offline service min-

ing. 

The online service discovery process will be initialized when a

service requester submits a query to the Web service search en-

gine. In the first step, the similarity between each domain and the

query is computed, and the domain with the maximum similarity

is chosen as the target domain of the query. Afterward, a query

expansion process is conducted by employing service goal clus-

ters of the target domain as follows. A set of service goal clusters

that are similar to the query is determined first; then service goals

assigned to the similar clusters are ranked and recommended by

measuring their similarities to the query; afterward, the requester

can select some desired goals from the recommendations as an

expanded query. Finally, a set of services is retrieved by match-

ing each service in the target domain with the expanded query.

Section 5 presents more details of online service discovery. 

4. Offline service mining 

In this section, we focus on describing two main steps in the

offline service mining module, namely service goal extraction and

service goal clustering for services in each domain. 

In our prior work ( Wang et al., 2013 ), according to the stud-

ies on goal modeling ( Aljoumaa et al., 2011; Rolland et al., 1998 ),

a concept “service goal” is introduced to represent the function-

ality of a service. Formally, a service goal is defined as a triple

sg = < sgv, sgn, sgp > , where sgv is a verb ( phrase ) that denotes the

action of sg; sgn is a noun ( phrase ) that denotes the entity affected by

the action; and sgp is an optional set of parameters that denote addi-

tional information such as the initial or final state of the entity, and

how the action affects the entity. The parameters in sgp are typically

represented in the form of prepositional phrases. For example, for

a sentence (referred to as esen ) contained in the textual descrip-

tion of API DealAngel registered at PW: “DealAngel allows users to

search for hotels by location, retrieving pricing and reservation infor-

mation for booking hotels, ” it contains three service goals: < search

for, hotel, {by location} > , < retrieve, pricing information, {for book-

ing hotel} > , and < retrieve, reservation information, {for booking

hotel} > . 
.1. Service goal extraction 

The textual description of services usually contains several sen-

ences. To extract service goals from textual service descriptions,

t is necessary to obtain the grammatical structure of sentences.

n Zhang et al. (2017) , we parsed the sentences using the Stan-

ord Parser 7 ( Marneffe et al., 2006 ), an NLP tool that can gen-

rate accurate linguistic analysis for most sentences we may en-

ounter ( Stevenson and Greenwood, 2006 ). Two kinds of linguis-

ic information are generated for each sentence: POS tags and

tanford typed dependencies, e.g., the results of sentence esen de-

icted in Fig. 2 (a). The Stanford typed dependency relations such

s dobj, conj_and, and prep_for can refer to Marneffe et al. (2006) ;

nd the POS tags such as NN, VB, and VBZ are defined in

arcus et al. (1993) . For example, the dependency dobj( retrieving -

1, information -15) in Fig. 2 (a) indicates that the word retrieving is

he accusative object of information ; 11 and 15 are the position in-

exes of retrieving and information , respectively, in esen . 

We proposed in Zhang et al. (2017) an approach to extract-

ng service goals from a sentence based on its linguistic informa-

ion. The approach contains three stages according to the insights

ained through in-depth analysis of various sentences: 1) there can

e several service goals contained in a sentence, e.g., esen ; 2) the

keletons of some service goals (referred to as “initial goals”) can

e extracted directly from a few particular dependencies; and 3)

he final service goals can be obtained by extending initial goals

sing other dependencies. The three stages are briefly introduced

s follows. 

Initial goal generation : A set of initial goals is generated from

hree dependencies using the following rules: 1) nsubjpass( a,

 ) → < a, b , null > , 2) dobj( a, b ) → < a, b , null > , and 3) prep( a,

 ) → < a, b , null > . For example, two initial goals < retrieving, infor-

ation, null > and < search, hotels, null > are generated from the

ependencies in Fig. 2 (a) using rules 2) and 3), respectively. 

Initial goal extension : Initial goals are extended using dependen-

ies such as amod, nn, prep, and conj to obtain some meaningful

nformation related to them. For example, the prefix modifier pric-

ng of information (i.e., the sgn part of an initial goal < retrieving,

nformation, null > ) is obtained from nn( information -15, pricing -12).

ome potential service goals are also obtained from the extension

esults of initial goals. For example, the coordinate noun reserva-

ion of pricing identified from conj_and( pricing -12, reservation -14)

https://nlp.stanford.edu/software/lex-parser.shtml
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Fig. 2. Service goal extraction from sentence esen. 

Table 1 

Five service goals in the travel domain. 

sg 1 < book, hotel, null > 

sg 2 < book, lodging, null > 

sg 3 < retrieve, pricing information, {for booking hotel} > 

sg 4 < retrieve, hotel price, null > 

sg 5 < retrieve, hotel information, null > 
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ontributes to a new candidate service goal, as shown in Fig. 2 (c).

he output of this stage is a set of candidate service goals. 

Service goal refinement : Candidate service goals are refined by

erforming lemmatization and stop word removal using the NLTK 

8 

oolkit ( Bird et al., 2009 ). 

The service goals of a Web service are obtained by collecting

he service goals extracted from all sentences in its textual descrip-

ion. After extracting service goals for each service in a domain d ,

 service-service goal assignment matrix is built as SSGAM d ⊆ S d ×
G d , where S d is the set of services in d and SG d is the entire set of

ervice goals extracted from all services in S d . Each entry SSGAM d | s , 

g ∈ {0, 1}, where s ∈ S d and sg ∈ SG d . SSGAM d | s , sg = 1 indicates

hat service s contains service goal sg . 

.2. Service goal clustering 

Observing the service goals extracted for domain-specific ser-

ices in PW, we find that many similar service goals share a basic

unctionality in a domain. The basic functionality of a service goal

an be represented by the verb(s) and the nouns that are highly

elevant to the corresponding domain, while the other words (in-

luding adjectives and the nouns with lower domain representa-

ion) can be viewed as the refinement of the basic functionality.

able 1 presents five example service goals in the travel domain.

pparently, they can be classified into two groups: { sg 1 , sg 2 , sg 3 }

hat share basic functionality “book hotel” (“book lodging” is se-

antically equivalent to “book hotel”) and { sg 3 , sg 4 , sg 5 } that share

asic functionality “retrieve hotel.” Similar service goals can be

rouped to provide comprehensive views of domain-specific ser-

ice functionalities. Because a service goal, e.g., sg 3 , may belong

o more than one group, it is better to cluster service goals us-

ng overlapping clustering algorithms (where an instance can be

ssigned to multiple clusters). 

The key of service goal clustering is to measure the similari-

ies between service goals. We devise a method for this task based

n the semantic similarities of words in WordNet. As claimed in

arg et al. (2015) , based on a survey of the literature, asymmetric

imilarity measures can obtain better performance than symmet-

ic similarity measures in many applications such as information
8 http://www.nltk.org/ . 

c  

p  

v  
etrieval and text clustering. This finding applies to the similar-

ty measurement between service goals. Based on our observation,

iven two service goals sg i and sg j , the similarity of sg i to sg j is

sually not equal to that of sg j to sg i . For example, the similarity

f sg 5 to sg 3 (in Table 1 ) should be lower than that of sg 3 to sg 5 
ecause sg 3 contains all words of sg 5 while sg 5 lacks some cru-

ial words of sg 3 , i.e., booking and pricing . Therefore, we adopt an

symmetric way to calculate the similarities between service goals.

ore specifically, the similarity of sg i to sg j is calculated using 

GSi m 

asy 
(
s g i , s g j 

)
= 

∑ 

w j ∈ W ( s g j ) max 
w i ∈ W ( s g i ) 

{
wsim 

(
w i , w j 

)}
∣∣W 

(
s g j 

)∣∣ , (1) 

sim 

(
w i , w j 

)
= 

{ 

1 , if stem ( w i ) equa ls stem 

(
w j 

)
WNSim 

(
w i , w j 

)
, othe rwise 

, (2) 

here W ( sg ) denotes the set of words (except prepositions) in ser-

ice goal sg ; | W ( sg )| represents the number of words in W ( sg );

tem ( w ) obtains the stem of word w using the Porter stemming al-

orithm ( Porter, 2006 ), e.g., stem ( booking ) = book ; and WNSim ( w i ,

 j ) denotes the semantic similarity between words w i and w j 

n WordNet. The first branch of Eq. (2) is used to compute the

imilarity between some words with the same stem, which may

ot be correctly measured by WordNet, e.g., WNSim ( book, book-

ng ) = 0.0522. 

Fig. 3 (a) shows the asymmetric similarities among the five ser-

ice goals in Table 1 . The cell in row “sg i ” and column “sg j ”

epresents SGSim 

asy ( sg i , sg j ) (the similarity of sg i to sg j ). There

re some unexpected similarities. For example, the similarity of

g 4 to sg 3 and the similarity of sg 5 to sg 3 are almost the same,

.e., SGSim 

asy ( sg 4 , sg 3 ) = 0.6797 and SGSim 

asy ( sg 5 , sg 3 ) = 0.6823. This

ase is unexpected because the word price in sg 4 is more meaning-

ul than the general word information in sg 5 ; and thus SGSim 

asy ( sg 4 ,

g 3 ) should be notably higher than SGSim 

asy ( sg 5 , sg 3 ). 

To measure the similarities between service goals more accu-

ately, it is desirable to distinguish the importance of different

ords in service goals. As stated previously, the basic functional-

ty of a service goal can be represented by its verb(s) and domain-

pecific core nouns (i.e., essential nouns in a domain), while the

ther words (e.g., adjectives and non-core nouns) are additional

odifiers. That is, the other words are less important in identi-

ying the functionality of a service goal. For example, the function-

lity of sg 5 is mainly dependent on the verb retrieve and the core

oun hotel (in the Travel domain), while information is a modifier

f hotel , which contributes little to the service goal. Moreover, ac-

ording to the analysis in Aljoumaa et al. (2011) , domain-specific

ore nouns are usually more critical than verbs in reflecting the

oint of concerns for users. For example, when we look for ser-

ices using query “book hotel,” the most significant issue for us

http://www.nltk.org/
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Fig. 3. Two types of similarities among five service goals. 

Table 2 

Three different types of words in five service goals. 

sg i V Travel (sg i ) CN Travel (sg i ) Oth Travel (sg i ) 

sg 1 {book} {hotel} {} 

sg 2 {book} {lodge} {} 

sg 3 {book, retrieve} {hotel, price} {information} 

sg 4 {retrieve} {hotel, price} {} 

sg 5 {retrieve} {hotel} {information} 
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is not book , but hotel . Services with functionalities like “list ho-

tel” and “compare hotel,” are more relevant than those with “book

flight ticket” and “book car.” Based on the above analysis, we iden-

tify three different types of words in service goals of a domain:

verbs, core nouns, and the other words; and the important priority

among them is suggested to be: core nouns � verbs � the other

words, where � means “more important than.”

To determine the three different types of words in service goals

within a particular domain d , a set of verbs and a set of core nouns

(denoted by V d and CN d , respectively) need to be predefined. As for

V d , the sgv parts of service goals in SG d can be counted to obtain

a verb list; and then V d can be selected by domain analysts from

the verb list. As for CN d , a ranked list of domain keywords can be

generated by applying TF-IDF on the set of services S d . Afterward,

domain analysts define CN d based on the ranked domain keyword

list. 

Once V d and CN d have been built, the three types of words in

each service goal sg ∈ SG d are obtained as 

 d ( sg ) = 

{
v ∈ V d 

∣∣∣ ∃ w ∈ W ( sg ) , 
stem ( w ) equals stem ( v ) 

}
, (3)

 N d ( sg ) = 

{
cn ∈ C N d 

∣∣∣ ∃ w ∈ W ( sg ) , 
stem ( w ) equals stem ( cn ) 

}
, (4)

Ot h d ( sg ) = W ( sg ) 

−
{

w ∈ W ( sg ) 

∣∣∣ ∀ w k ∈ V d ( sg ) ∪ C N d ( sg ) , 
stem ( w ) does not equal stem ( w k ) 

}
, (5)

where V d ( sg ), CN d ( sg ), and Oth d ( sg ) denote the sets of verbs, core

nouns, and the other words contained in sg , respectively. The rea-

son why V d ( sg ) and CN d ( sg ) are obtained according to the stems

of words is that there are morphological variants of words in ser-

vice goals, e.g., book and booking . For example, Table 2 presents

the three different types of words contained in each service goal in

Table 1 , given V Travel = { provide, offer, book, reserve, retrieve, find, get }

and CN Travel = { travel, trip, hotel, lodge, accommodation, flight, price }. 

Next, the similarity of service goals sg i to sg j in domain d is

computed using 

SGSim 

asy 

d 

(
s g i , s g j 

)
= λ1 · W Si m 

asy 
(
V d ( s g i ) , V d 

(
s g j 

))
+ λ2 ·

W Si m 

asy 
(
C N d ( s g i ) , C N d 

(
s g j 

))
+ λ3 ·
W Si m 

asy 
(
Ot h d ( s g i ) , Ot h d 

(
s g j 

))
, (6)

here λ1 , λ2 , and λ3 are weight coefficients, 
∑ 3 

i =1 λi = 1 . Accord-

ng to the importance priority among the three types of words, it

s suggested to satisfy λ2 > λ1 > λ3 . More analysis of various set-

ings of these three parameters is given in Section 6 . WSim 

asy ( W 1 ,

 2 ) calculates the similarity of word sets W 1 to W 2 : 

 Si m 

asy ( W 1 , W 2 ) = 

1 

| W 2 | ·
∑ 

w i ∈ W 2 

max 
w j ∈ W 1 

{
wsim 

(
w i , w j 

)}
. (7)

Fig. 3 (b) shows the similarities between the five service goals

n Table 1 calculated using Eq. (6) under the setting of λ1 = 0.3,

2 = 0.6, and λ3 = 0.1. As can be seen, the similarities are more

deal than those depicted in Fig. 3 (a), e.g., SGSim 

asy ( sg 4 , sg 3 ) = 0.75

s notably higher than SGSim 

asy ( sg 5 , sg 3 ) = 0.55. 

A service goal similarity matrix is built for domain d by measur-

ng the similarities among all service goals in SG d , i.e., SGSim 

asy 

d 
( sg i ,

g j ), ∀ sg i ∈ SG d , ∀ sg j ∈ SG d . We then use the overlapping K -

eans algorithm ( Khanmohammadi et al., 2017 ) to cluster the ser-

ice goals by taking as input the service goal similarity matrix.

articularly, to obtain better service goal clusters, the best num-

er of clusters and the initial cluster centroids are determined us-

ng the X -Means algorithm ( Dan and Moore, 20 0 0 ) before applying

he overlapping K-Means algorithm. 

. Online service discovery based on goal-oriented query 

xpansion 

In this section, we describe the online service discovery mod-

le illustrated in Fig. 1 , which contains three main steps: domain

atching, goal-oriented query expansion, and service retrieval. 

.1. Domain matching 

Comparing a query to each service in a large registry is a time-

onsuming task ( Wang et al., 2017; Cassar et al., 2014 ). An effi-

ient solution is to restrict the scope of service search to a sub-

et of services that are potentially similar to a query. Recall that

n our approach services are categorized, we can directly reduce

ervice search space to the domain that is most similar to a given

uery. We refer to the most similar domain of query q as the target

omain of q , denoted by td ( q ). Since the possible overlaps among

omains are processed using service categorization (that is, cross-

omain services are assigned to each of their relevant domains),

ost of the similar services of q are probably assigned to td ( q ) and

an be discovered by just exploring the services in td ( q ). 

Given a query q , the first step of service discovery, i.e., domain

atching, is to determine the target domain td ( q ). q is firstly pre-

rocessed by performing word segmentation, lemmatization, stop

ord removal, and word frequency count, resulting in a vector rep-

esentation of q , denoted by 
⇀ 

q . Afterwards, the Cosine similarity

 Manning et al., 2009 ) between 

⇀ 

q and the TF-IDF vector of domain



N. Zhang et al. / The Journal of Systems and Software 142 (2018) 73–91 79 

d

D

w  

w  

w

c

a  

c  

d

y

λ

w  

I  

w  

λ  

E  

I  

 

w

5

 

t  

t  

s  

(  

e  

i  

f  

e  

n  

t

 

b  

g  

d  

s  

f  

t

a  

s

V

C

O

w  

o  

V  

c  

w  

C

 

t  

s

S

S

S

w  

E  

t  

S

 

t  

r  

f  

s  

c  

c  

c  

s  

w

V

C

w  

c

 

c

w

 

m  

T  
 , denoted by 
⇀ 

T F IDF d , is calculated using 

QSim 

(
⇀ 

T F IDF d , 
⇀ 

q 

)
= 

∑ 

w ∈ W ( q ) ∩ W ( d ) f q, w 

· t f id f d, w √ ∑ 

w i ∈ W ( q ) f 
2 
q, w i 

·
√ ∑ 

w j ∈ W ( d ) t f idf 2 
d, w j 

, 

(8) 

here W ( q ) denotes the set of words in q; W ( d ) denotes the set of

ords contained in all services in d; f q, w 

is the frequency of word

 in q ; and tfidf d, w 

is the TF-IDF score of w in d . 

Before applying Eq. (8) , the weights of words in 

⇀ 

q and 

⇀ 

T F IDF d 
an be amplified by leveraging domain-specific keywords, i.e., V d 

nd CN d , so as to obtain a better similarity measure. More specifi-

ally, the weight of word w in 

⇀ 

q and 

⇀ 

T F IDF d (i.e., f q, w 

or tfidf d, w 

),

enoted by y , is recomputed as 

 = y · λd, w 

, (9) 

d, w 

= max 
{
λ1 · I V d ( w ) , λ2 · I C N d ( w ) , λ3 

}
, (10) 

here λ1 , λ2 , and λ3 are weight coefficients referring to Eq. (6) .

 W 

( w ) is the indicator function of word set W , i.e., I W 

( w ) = 1 if

ord w is in W and 0 otherwise. The amplification factor of w , i.e.,

d , w 

, is determined by the highest importance of w in d . Similar to

qs. (3) - (5) , we implement I W 

( w ) based on the stems of words as

 W 

( w ) = 1 , if ∃ w k ∈ W, stem ( w ) equals stem ( w k ) . (11)

After calculating the similarities of all domains to q , the domain

ith the maximum similarity is chosen as td ( q ). 

.2. Goal-Oriented query expansion 

As stated previously, there can be many services in a registry

hat provide similar functionalities for a query. The keyword-based

echnology adopted by existing registries is insufficient to find

imilar services for queries. Several query expansion approaches

 Kokash et al., 2006; Aljoumaa et al., 2011; Paliwal et al., 2012; Ma

t al., 2013 ) have been proposed to solve this issue by automat-

cally enhancing original queries with relevant concepts extracted

rom knowledge bases like WordNet and domain ontologies. How-

ver, a significant limitation of these approaches is that they do

ot leverage any knowledge about services in a registry; and thus

he expanded queries may be ineffective for service search. 

We propose a novel goal-oriented query expansion approach

ased on the mined service goal knowledge. The basic idea is that

iven a query q , service goals assigned to the clusters of its target

omain td ( q ) that are similar to q can be recommended to help the

ervice requester expand q . For this purpose, we devise a method

or measuring the similarity of each service goal cluster SGC i in

d ( q ) to q . At first, three different types of words contained in SGC i 
re obtained by collecting the corresponding types of words in the

ervice goals belonging to SGC i : 

 td ( q ) ( SG C i ) = 

⋃ 

s g k ∈ SG C i 

V td ( q ) ( s g k ) , (12) 

 N td ( q ) ( SG C i ) = 

⋃ 

s g k ∈ SG C i 

C N td ( q ) ( s g k ) , (13) 

t h td ( q ) ( SG C i ) = 

⋃ 

s g k ∈ SG C i 

Ot h td ( q ) ( s g k ) , (14) 

here V td ( q ) ( SGC i ), CN td ( q ) ( SGC i ), and Oth td ( q ) ( SGC i ) denote the sets

f verbs, core nouns, and the other words in SGC i , respectively.

 td ( q ) ( sg k ), CN td ( q ) ( sg k ), and Oth td ( q ) ( sg k ) denote the sets of verbs,

ore nouns, and the other words in service goal sg , respectively,
k 
hich can be obtained using Eqs. (3) –(5) based on V td ( q ) and

N td ( q ) . 

Next, for each set of the three types of words in SGC i , we set a

hreshold θ ∈ [0, 1] to determine the words that are semantically

imilar to any word in q : 

imV ( SG C i → q ) = 

{
w i ∈ V td ( q ) ( SG C i ) 

∣∣∣ ∃ w j ∈ W ( q ) , 

wsim 

(
w i , w j 

)
≥ θ

}
, (15) 

imCN ( SG C i → q ) = 

{
w i ∈ C N td ( q ) ( SG C i ) 

∣∣∣ ∃ w j ∈ W ( q ) , 

wsim 

(
w i , w j 

)
≥ θ

}
, 

(16) 

imOth ( SG C i → q ) = 

{
w i ∈ Ot h td ( q ) ( SG C i ) 

∣∣∣ ∃ w j ∈ W ( q ) , 

wsim 

(
w i , w j 

)
≥ θ

}
. 

(17) 

Finally, the similarity of SGC i to q is calculated as 

SGCQSim ( SG C i , q ) = λ1 ·
∑ 

w j ∈ SimV ( SG C i → q ) f SG C i , w j ∑ 

w i ∈ V td ( q ) ( SG C i ) 
f SG C i , w i 

+ λ2 

·
∑ 

w j ∈ SimCN ( SG C i → q ) f SG C i , w j ∑ 

w i ∈ C N td ( q ) ( SG C i ) 
f SG C i , w i 

+ λ3 ·
∑ 

w j ∈ SimOth ( SG C i → q ) f SG C i , w j ∑ 

w i ∈ Ot h td ( q ) ( SG C i ) 
f SG C i , w i 

, 

(18) 

here λ1 , λ2 , and λ3 are weight coefficients referring to

q. (6) and f SG C i , w 

is the frequency of word w in SGC i . The more

he words in SGC i that are semantically similar to q are, the higher

GCQSim ( SGC i , q ) is. 

After computing the similarities of all service goal clusters to q ,

he top k most similar clusters are recommended for q . From the

ecommendations, the requester can better understand the service

unctionalities related to his/her requirements and select some de-

ired service goals as an expanded query. However, there can be a

onsiderable number of recommended goals, and it will be a time-

onsuming task for the requester to select appropriate goals. To fa-

ilitate the selection, recommended goals can be sorted by their

emantic similarities to q . For this purpose, three different types of

ords in q are separated by 

 td ( q ) ( q ) = 

{
v ∈ V td ( q ) 

∣∣∣ ∃ w ∈ W ( q ) , 
stem ( w ) equals stem ( v ) 

}
, (19) 

 N td ( q ) ( q ) = 

{
cn ∈ C N td ( q ) 

∣∣∣ ∃ w ∈ W ( q ) , 
stem ( w ) equals stem ( cn ) 

}
, (20) 

Ot h td ( q ) ( q ) = W ( q ) 

−
{

w ∈ W ( q ) 

∣∣∣ ∀ w k ∈ V td ( q ) ( q ) ∪ C N td ( q ) ( q ) , 
stem ( w ) does not equal s tem ( w k ) 

}
, (21) 

here V td ( q ) ( q ), CN td ( q ) ( q ), and Oth td ( q ) ( q ) denote the sets of verbs,

ore nouns, and the other words in q , respectively. 

The similarity of a recommended service goal sg to q is then

alculated using 

SGQSi m td ( q ) ( sg, q ) = λ1 · W Si m 

asy 
(
V td ( q ) ( sg ) , V td ( q ) ( q ) 

)
+ λ2 · W Si m 

asy 
(
C N td ( q ) ( sg ) , C N td ( q ) ( q ) 

)
+ λ3 · W Si m 

asy 
(
Ot h td ( q ) ( sg ) , Ot h td ( q ) ( q ) 

)
, (22) 

here λ1 , λ2 , and λ3 are weight coefficients referring to Eq. (6) . 

In reality, some of the service goals recommended for q can be

ore relevant than others. For example, all the five service goals in

able 1 could be recommended for “book hotel,” and obviously sg ,
1 
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9 The PW API dataset and the extracted services goals used in this work are pub- 

lished at: http://software.whu.edu.cn/webapi/ . 
sg 2 , and sg 3 are more relevant than sg 4 and sg 5 . Referring to this

point, service requesters are allowed to assign preference ratings to

their selected service goals, such that the final expanded result of

q can be represented as SG ( q ) = ( sg i , r i ), where r i is the requester’s

rating on service goal sg i . A higher r i means that the requester more

prefers sg i . 

5.3. Service retrieval 

In this step, a set of services is retrieved from the target domain

td ( q ) according to the expanded query, i.e., SG ( q ). 

A direct way of service retrieval is to match the service goals of

each service s with SG ( q ). Service goals in SG ( q ) that can be satis-

fied by s are firstly obtained by 

SG ( s |� q ) = 

{
( s g i , r i ) ∈ S G ( q ) | ∃ s g j ∈ S G ( s ) , 

W ( s g i ) ⊆ W 

(
s g j 

)}, (23)

where SG ( s ) denotes the set of service goals of s , which can be

obtained from the service-service goal assignment matrix of td ( q ),

i.e., SG ( s ) = { sg ∈ SG td ( q ) | SSGAM td ( q )| s , sg = 1}. 

The service requester’s preference on s is then measured as the

requester’s maximum rating assigned to service goals in SG ( s � q ),

i.e., 

Pref ( s � q ) = 

{ 

0 , i f SG ( s � q ) = ∅ 

max 
( sg i , r i ) ∈ SG ( s �q ) 

r i , otherwise 
. (24)

By measuring the requester’s preferences on all services in

td ( q ), a ranking list of the services can be generated for q . How-

ever, the preferences on some relevant services may not be cor-

rectly measured for two reasons. On the one hand, some meaning-

ful service goals cannot be extracted from the textual descriptions

of services using our service goal extraction approach ( Zhang et al.,

2017 ) due to several factors: 1) service goals expressed as noun

phrases, e.g., “Escapio is a German booking portal for hand-picked,

unique hotels .” (excerpted from API Escapio in PW), are not handled

by the approach; 2) some useful Stanford typed dependency rela-

tions, e.g., xcomp, are not covered by the approach; and 3) some

complex and informal sentences cannot be correctly parsed using

the Stanford Parser, and thus the service goals therein cannot be

extracted. On the other hand, not all word similarities in WordNet

are suitable to the current context, which will affect the similar-

ities between service goals and the similarities of recommended

goals to a query. Therefore, it is difficult to group all similar ser-

vice goals. Some similar goals of a query may not be included in

the top k most similar service goal clusters and fail to be recom-

mended. Moreover, some similar goals may not rank highly in the

recommendation list and may thus be missed by the requester. 

To address the above issue, we propose to complement the

goal-based service discovery approach with some widely used ser-

vice discovery approaches, e.g., keyword-based and topic model-

based. The expanded result of query q is used as the input of the

complementary approaches. More specifically, the words of all ser-

vice goals in SG ( q ) are collected to obtain a vector 
⇀ 

eq = ( w i , y i ), w i

∈ ∪ ( s g j , r j ) ∈ SG (q ) W ( s g j ) and y i is the weight of word w i . y i is com-

puted by integrating three factors: the frequency of w i in SG ( q ), the

requester’s preference rating on service goals where w i exists, and

the importance of w i in domain td ( q ), using 

y i = 

⎛ 

⎝ 

∑ 

( s g j , r j ) ∈ SG ( q ) 

f s g j , w i 
· r j 

⎞ 

⎠ · λtd ( q ) , w i 
, (25)

where f s g j , w i 
is the frequency of w i in service goal sg j ; r j is the

requester’s rating on sg j ; and λtd(q ) , w i 
denotes the importance of

w i in td ( q ), which can be set using Eq. (10) based on V td ( q ) and

CN td ( q ) . 
Two kinds of similarities between each service s in td ( q ) and
⇀ 

q are then computed using a keyword-based approach and an

pproach based on LDA, respectively. As for the keyword-based

pproach, we calculate the Cosine similarity between 

⇀ 

eq and the

ord frequency vector of s , denoted by 
⇀ 

s . Note that the weights

f words in 

⇀ 

s are amplified using Eq. (9) based on the importance

f words in td ( q ). As for the LDA-based approach, we perform the

DA algorithm on the services contained in all domains, denoted

y S , to obtain two probability distributions: the service-topic dis-

ribution P ( t | s i ) ( t ∈ {1, …, T }, where T is the number of latent top-

cs) that captures the probability distribution of each service s i ∈
 over topics and the topic-word distribution P ( w | t ) ( w ∈ W , where

 is the set of words contained in services S ) that captures the

robability distribution of each topic t over words. Based on the

earned LDA model, the similarity between s and 

⇀ 

eq is calculated

sing Eq. (26) ( Naim et al., 2016 ). 

QLSim 

(
⇀ 

eq | s 
)

= 

∏ 

w i ∈ W 

(
⇀ 
eq 

)
( 

T ∑ 

t=1 

P ( w i | t ) P ( t| s ) 
) y i 

, (26)

here W ( 
⇀ 

eq ) denotes the set of words contained in 

⇀ 

eq . 

We finally obtain the overall similarity between s and q by ag-

regating the three kinds of similarities: 

im ( s, q ) = γ1 · P re f ( s |� q ) 

+ γ2 · SQCSim 

(
⇀ 

s , 
⇀ 

eq 

)
+ γ3 · SQLSim 

(
⇀ 

eq | s 
)
, (27)

here SQCSim ( 
⇀ 

s , 
⇀ 

eq ) denotes the Cosine similarity between 

⇀ 

s and
⇀ 

q ; and γ 1 , γ 2 , and γ 3 are weight coefficients associated with the

hree similarities. Before applying Eq. (27) , Pref ( s � q ), SQCSim ( 
⇀ 

s ,
⇀ 

q ) and SQLSim ( 
⇀ 

eq | s ) are normalized to [0, 1], respectively, with re-

pect to their corresponding maximum similarities. 

. Experiments 

We conducted a series of experiments to evaluate the proposed

pproach. All experiments were developed in Java, and conducted

n a PC with 3.6 GHz Intel(R) Core(TM) i7 CPU and 8GB RAM. 

.1. Dataset and preprocessing 

The publically accessible service registry PW was used as our

estbed. We collected the descriptive data including the name, tags

i.e., primary category and secondary categories), and textual de-

criptions of 13,520 Web APIs from PW on July 24, 2016. 9 The APIs

ere divided into different domains according to their tags. We

elected seven domains: Mapping (747), Music (256), Photos (363),

ransportation (363), Travel (357), Video (441), and Weather (154),

or experimentation according to their scale and popularity. The

umbers, e.g., 747 and 256, indicate the scale (i.e., the number of

PIs) of the corresponding domains. The popularity of a domain

as measured according to the proportion of APIs in the domain

hat have been used by mashups in PW. 

Apparently, there are overlaps among the selected domains.

or example, the mapping service is vital for active and intel-

igent transportation; and a good travel plan requires a guide

ap and the transportation information about places. There can

e APIs relevant to more than one of the Mapping, Transporta-

ion , and Travel domains. Since users assign the tags of APIs

e.g., PW managers and API providers), it is difficult to find out

http://software.whu.edu.cn/webapi/


N. Zhang et al. / The Journal of Systems and Software 142 (2018) 73–91 81 

a  

(  

p

C

m  

E

A  

r  

n  

t  

m  

p  

s  

f  

u  

i  

t  

n  

i  

t  

m

 

i

 

w

 

t  

a  

a  

t

6

 

e  

s  

i  

h  

p  

l  

c  

e  

e  

E  

t  

t  

s  

s  

t  

w  

a

 

s  

t  

b

 

a  

R  

c

 

o  

p  

d  

t

 

2  

w  

s  

e  

a

 

q  

o  

a  

r

 

w  

t  

fl  

s  

v  

f  

s  

m  

o  

λ  

s  

g  

s  

(  

p  

M  

a  

l  

d

 

t  

o  

q

 

a  

a  

t  

v  

m  

T  

F  

i  

q

 

i  

f  

g  

o  

s  

a  

i  

r  

s  

s  

t  

a  

s  

a  

n

 

t  

v  

3  

(  
ll relevant tags for an API from hundreds of candidate tags

467 tags are used for categorizing APIs in PW). As an exam-

le, API The Airport Guide contains a piece of description: “

urrent weather forecast information is also provided , along with re- 

arks particular to the airport such as local hazards to navigation.

nhanced membership provides information about local hotels . ” The 

PI is only tagged by “Transportation” and “Air Travel,” while some

elevant tags are not assigned to it, e.g., “Travel” ( hotel is a core

oun in the Travel domain) and “Weather.” This issue will lead to

he missing of some relevant APIs when looking up services in the

ost similar domain of a query. To address this issue, we firstly

reprocessed the descriptive data of services by performing word

egmentation, lemmatization, and stop word removal; afterward,

or each domain d , we categorized all APIs in the other six domains

sing SVM ( Zhang et al., 2012; Chang and Lin, 2011 ). More specif-

cally, we constructed a training set, which consists of two parts:

he original set of APIs in d as domain relevant set and the same

umber of APIs randomly selected from other domains as domain

rrelevant set. Next, an SVM classifier was learned for d from the

raining set and applied to classify the APIs in the other six do-

ains. 

We then performed the following two steps on the set of APIs

n each domain d : 

Domain keyword ranking : A ranked domain keyword list RDKL

as generated by applying TF-IDF on the APIs. 

Service goal extraction : Service goals were extracted from the

extual description of each API using our service goal extraction

pproach ( Zhang et al., 2017 ), resulting in a service-service goal

ssignment matrix. A verb list VL was then generated by counting

he sgv parts of all extracted service goals. 

.2. Experiment design 

We recruited 14 subjects (including six undergraduates and

ight MScs) to evaluate the proposed goal-oriented query expan-

ion and service discovery approach. Before conducting the exper-

ments, the subjects went through a training process. Firstly, we

eld a meeting with the subjects to introduce the proposed ap-

roach and describe the experiment tasks assigned to them: 1) se-

ect a set of verbs from the VL of each domain; 2) select a set of

ore nouns from the RDKL of each domain; 3) construct a set of

xperimental queries; 4) evaluate the relevance of service goals for

ach query; and 5) evaluate the relevance of APIs for each query.

ach domain was randomly assigned to two subjects. Afterward,

he subjects were given one week to familiarize themselves with

he background knowledge of their assigned domains using re-

ources on the Internet, e.g., Wikipedia pages. The APIs and their

ervice goals, RDKLs , and VLs of all domains were also given to

he subjects. After the familiarization process, we held a meeting

ith the subjects again to perform the experiment tasks described

bove. 

Domain verb selection : For each domain d , the two subjects as-

igned to d were asked to select a set of verbs independently from

he VL of d . The debatable ones, if any, were discussed together to

uild a final set of verbs V d . 

Domain core noun selection : The two subjects assigned to d were

sked to independently select no less than 50 core nouns from the

DKL of d . A final set of core nouns CN d was then built by dis-

ussing the debatable ones. 

Query construction : As the manual creation of the benchmarks

f relevant service goals and relevant APIs for a query is an ex-

ensive process, we only asked the two subjects assigned to each

omain to construct three representative queries. Table 3 presents

he 21 queries constructed for the seven selected domains. 

Relevance evaluation of service goals for queries : For each of the

1 queries, the two subjects assigned to the domain d of the query
ere asked to determine the relevance of all service goals in d on a

cale of 0–3 (“3”–highly relevant, “2”–relevant, “1”–potentially rel-

vant, and “0”–irrelevant). They evaluated the goals independently

nd then discussed debatable ones to reach an agreement. 

Relevance evaluation of APIs for queries: For each of the 21

ueries, the two subjects were also asked to evaluate the relevance

f all APIs in the domain of the query on a scale of 0–3 (as defined

bove) independently. They then discussed the debatable ones to

each an agreement. 

Next, for each domain d , the similarities between service goals

ere computed using Eq. (6) based on V d and CN d . According to

he analysis in Section 4.2 , parameters λ1 , λ2 , and λ3 used to re-

ect the importance of three different types of words should be

et with respect to λ2 > λ1 > λ3 . To validate this priority, we tested

arious settings of these three parameters. Specifically, λ3 was set

rom 0.1 to 0.5 with a step size 0.1 (Note that λ3 ∈ [0.1, 0.5] was

ufficient for our validation purpose since the setting of λ3 > 0.5

akes no sense according to the above analysis). For each value

f λ3 , we constructed all possible combinations of λ1 , λ2 , and

3 : both λ1 and λ2 took values from [0.1, 0.9 - λ3 ] with a step

ize 0.1, while keeping the restriction 

3 ∑ 

i =1 

λi = 1 . Given the service

oal similarity matrix produced under each of the settings, we first

ought the optimal number of clusters from the range [2, 150]

2 is the possible minimum number of clusters and 150 is the

ossible maximum number of clusters) using X-Means ( Dan and

oore, 20 0 0 ). Afterwards, we performed the overlapping K-Means

lgorithm ( Khanmohammadi et al., 2017 ) on the service goal simi-

arity matrix by using the optimal number of clusters and the pro-

uced cluster centroids for initialization. 

Until now, we finished the offline service mining process illus-

rated in Fig. 1 . Based on the mined knowledge, we performed the

nline service discovery process for each of the 21 experimental

ueries, e.g., q , as follows. 

Domain matching: q was preprocessed using the same steps

dopted in the step of domain keyword ranking and represented

s a vector by counting the word frequencies. We then calculated

he Cosine similarity between the query vector and the TF-IDF

ector of each domain (i.e., RDKL ). The domain with the maxi-

um similarity was chosen as the target domain of q , i.e., td ( q ).

able 3 presents the top three most similar domains of each query.

or example, the target domain of “book hotel” is Travel (with sim-

larity 0.2134). As can be seen, the target domains of all the 21

ueries match with their source domains. 

Goal-oriented query expansion : In the step of service goal cluster-

ng , we obtained different results of service goal clusters under dif-

erent settings of λ1 , λ2 , and λ3 . Here, we performed the proposed

oal-oriented query expansion approach for query q using each set

f service goal clusters produced for td ( q ). The similarity of each

ervice goal cluster to q was first computed using Eq. (18) . λ1 , λ2 ,

nd λ3 in Eq. (18) were set as the same values used for produc-

ng the corresponding set of service goal clusters. To evaluate pa-

ameter θ (in Eqs. (15) - (17) ) used for determining words that are

emantically similar to q , we varied it from 0.1 to 1.0 with a step

ize 0.1. Based on the similarities of service goal clusters to q ob-

ained under each value of θ , we recommended the service goals

ssigned to the top k most similar clusters after measuring their

imilarities to q using Eq. (22) . λ1 , λ2 , and λ3 in Eq. (22) were set

s the same values as in Eq. (18) . k was varied from 1 to the total

umber of clusters in td ( q ). 

Service retrieval : Because users are usually only interested in the

op entries returned by search algorithms, we collected the rele-

ant service goals (i.e., the goals that were evaluated as 1, 2, or

) in the top 50 of the goal recommendation list generated for q

with a suitable setting: λ1 = 0 . 3 , λ2 = 0 . 6 , λ3 = 0 . 1 , θ = 0 . 9 , and
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Table 3 

Twenty-One Experimental Queries. 

Query Source domain Top three most similar domains 

1 create map Mapping Mapping (0.6506), Transportation (0.0038), Video (0.0019) 

2 provide GPS Mapping (0.0042), Transportation (0.0027), Travel (0.0017) 

3 identify place Mapping (0.0282), Photos (0.0 0 07), Music (0.0 0 03) 

4 search playlist Music Music (0.044), Video (0.0083), Travel (0.0059) 

5 share music Music (0.7746), Video (0.0099), Photos (0.0042) 

6 get artist Music (0.0766), Photos (0.0022), Video (0.0022) 

7 create image Photos Photos (0.2121), Mapping (0.0066), Video (0.0019) 

8 print photo Photos (0.5923), Music (0.0 0 04), Video ( < 0.0 0 01) 

9 upload photo Photos (0.5599), Video (0.0178), Music (0.0016) 

10 search parking Transportation Transportation (0.0239), Travel (0.0069), Mapping (0.0033) 

11 find bus stop Transportation (0.1435), Travel (0.0 067), Mapping (0.0 019) 

12 get traffic information Transportation (0.0652), Mapping (0.0075), Travel (0.0063) 

13 find airport Travel Travel (0.0413), Transportation (0.0245), Mapping (0.0019) 

14 search flight Travel (0.1018), Mapping (0.0033), Music (0.0022) 

15 book hotel Travel (0.2134), Transportation (0.0157), Photos (0.0 0 01) 

16 publish video Video Video (0.887), Music (0.0023), Photos (0.0001) 

17 create video Video (0.8859), Mapping (0.0021), Photos (0.0018) 

18 edit video Video (0.8859), Photos (0.0086), Mapping (0.0004) 

19 provide weather warning Weather Weather (0.7317), Transportation (0.0056), Travel (0.0043) 

20 forecast weather Weather (0.8627), Transportation (0.0049), Travel (0.0039) 

21 get weather report Weather (0.7322), Transportation (0.0063), Travel (0.0039) 

Table 4 

Optimal MAP@N and NDCG@N of query expansion achieved with different settings of λ1 , λ2 , λ3 . 

λ1 λ2 λ3 MAP@N NDCG@N 

N = 10 N = 20 N = 30 N = 40 N = 50 N = 10 N = 20 N = 30 N = 40 N = 50 

0.1 0.8 0.1 0.1718 0.2874 0.3629 0.4146 0.4512 0.7752 0.7688 0.7728 0.7858 0.784 

0.2 0.7 0.1 0.1725 0.2914 0.3697 0.4203 0.4624 0.7725 0.767 0.7856 0.7885 0.785 

0.3 0.6 0.1 0.1722 0.2929 0.373 0.4221 0.4574 0.7527 0.7693 0.7882 0.7873 0.7824 

0.4 0.5 0.1 0.1722 0.2771 0.3451 0.3883 0.4271 0.7488 0.749 0.7576 0.7523 0.757 

0.5 0.4 0.1 0.1668 0.2633 0.3182 0.3577 0.3834 0.7319 0.7126 0.7092 0.7075 0.7012 

0.6 0.3 0.1 0.1595 0.2533 0.3041 0.3375 0.3609 0.7042 0.6889 0.6739 0.6662 0.6586 

0.7 0.2 0.1 0.155 0.2437 0.2872 0.3159 0.3404 0.678 0.6587 0.6416 0.6312 0.6301 

0.8 0.1 0.1 0.1403 0.23 0.2751 0.2952 0.3192 0.6241 0.6312 0.6146 0.596 0.5953 

0.1 0.7 0.2 0.1718 0.2875 0.3637 0.4148 0.4521 0.7797 0.769 0.7778 0.7865 0.783 

0.2 0.6 0.2 0.172 0.2913 0.3703 0.4205 0.4675 0.7605 0.7699 0.7837 0.7881 0.7913 

0.3 0.5 0.2 0.1721 0.2885 0.3618 0.4103 0.4503 0.7539 0.7654 0.7722 0.776 0.7771 

0.4 0.4 0.2 0.1721 0.2678 0.336 0.3784 0.4136 0.7486 0.7278 0.7448 0.7406 0.7397 

0.5 0.3 0.2 0.1631 0.2585 0.3101 0.344 0.3701 0.7128 0.6966 0.6876 0.6781 0.6748 

0.6 0.2 0.2 0.1542 0.2436 0.2917 0.3233 0.3453 0.6843 0.6639 0.6553 0.6459 0.6405 

0.7 0.1 0.2 0.1439 0.2286 0.2738 0.2979 0.321 0.6383 0.6324 0.6168 0.6021 0.6006 

0.1 0.6 0.3 0.1718 0.2884 0.3666 0.4161 0.4549 0.7775 0.7715 0.7835 0.7863 0.7846 

0.2 0.5 0.3 0.1751 0.2933 0.3709 0.4217 0.4669 0.7607 0.7698 0.7815 0.7853 0.7855 

0.3 0.4 0.3 0.1734 0.2833 0.3521 0.3989 0.4353 0.7597 0.7509 0.761 0.7626 0.7608 

0.4 0.3 0.3 0.1653 0.2614 0.3161 0.3527 0.3821 0.7322 0.7097 0.704 0.6964 0.6984 

0.5 0.2 0.3 0.1547 0.2463 0.2944 0.3283 0.3521 0.6911 0.6747 0.6589 0.6555 0.6507 

0.6 0.1 0.3 0.1413 0.228 0.2751 0.3006 0.3226 0.6288 0.6274 0.6203 0.6076 0.6043 

0.1 0.5 0.4 0.1715 0.2886 0.367 0.4159 0.4566 0.7745 0.7665 0.7812 0.7812 0.7791 

0.2 0.4 0.4 0.1722 0.2924 0.372 0.4215 0.4576 0.757 0.7686 0.7845 0.7814 0.7772 

0.3 0.3 0.4 0.1719 0.2666 0.335 0.3776 0.4125 0.7477 0.7241 0.7421 0.7374 0.7367 

0.4 0.2 0.4 0.159 0.2529 0.3039 0.3379 0.3613 0.6972 0.6832 0.6726 0.6662 0.6597 

0.5 0.1 0.4 0.1415 0.2286 0.2774 0.3016 0.3234 0.6355 0.632 0.6263 0.6107 0.6088 

0.1 0.4 0.5 0.1725 0.2911 0.3684 0.4187 0.4602 0.7749 0.7669 0.7798 0.7807 0.7783 

0.2 0.3 0.5 0.1727 0.2877 0.3551 0.4043 0.4422 0.7613 0.7621 0.7647 0.7644 0.7656 

0.3 0.2 0.5 0.1639 0.2589 0.3126 0.3488 0.3746 0.722 0.7011 0.6943 0.6845 0.6808 

0.4 0.1 0.5 0.1451 0.2356 0.282 0.3077 0.3305 0.6484 0.6481 0.6352 0.6253 0.6214 

SupportRatio( λ2 > λ1 > λ3 ) 84/104 86/104 83/104 83/104 80/104 69/104 77/104 86/104 85/104 79/104 
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k = 15, according to the evaluation results presented in Tables 4 , 6 ,

and 7 ) as an expanded query. Three ranking lists of APIs in td ( q )

were then generated using the three service discovery approaches

described in Section 5.3 , respectively. A final ranking list of APIs

was generated by combining the three API lists using Eq. (27) . We

set γ1 = γ2 = γ3 = 1, such that the three approaches were equally

treated. 

Two commonly-used metrics in the information retrieval com-

munity, namely MAP@N (mean average precision) and NDCG@N

(normalized discounted cumulative gain) ( Xia et al., 2015 ), were

used for evaluating the top N of each ranking list of recommended

r  
ervice goals or retrieved APIs for a query. 

AP @N = 

1 

| R | 
N ∑ 

i =1 

(
n i 

i 
· I ( i ) 

)
, (28)

here R denotes the relevant set of service goals (or APIs) of the

uery that were evaluated as 1, 2, or 3; n i represents the number

f relevant service goals (or APIs) in R that exist in the top i of the

anking list; and I ( i ) indicates whether the service goal (or API) at
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Table 5 

Numbers of Service Goals and Service Goal Clusters in Seven Domains. 

Mapping Music Photos Transportation Travel Video Weather 

Number of service goals 2218 922 885 1361 1279 1354 618 

Number of service goal clusters 50 15 23 29 25 39 24 

Table 6 

MAP@N of Query Expansion Using Different Settings of θ and k (with λ1 = 0.3, λ2 = 0.6, λ3 = 0.1). 

θ MAP@10 MAP@30 MAP@50 

k = 5 k = 10 k = 15 k = 20 k = all k = 5 k = 10 k = 15 k = 20 k = all k = 5 k = 10 k = 15 k = 20 k = all 

0.1 0.124 0.161 0.171 0.172 0.172 0.241 0.324 0.37 0.373 0.373 0.292 0.398 0.452 0.456 0.457 

0.2 0.137 0.159 0.17 0.171 0.172 0.24 0.319 0.369 0.372 0.373 0.284 0.395 0.453 0.455 0.457 

0.3 0.136 0.164 0.17 0.172 0.172 0.249 0.344 0.37 0.373 0.373 0.3 0.426 0.453 0.456 0.457 

0.4 0.156 0.164 0.17 0.172 0.172 0.296 0.342 0.37 0.373 0.373 0.356 0.425 0.453 0.457 0.457 

0.5 0.157 0.164 0.17 0.171 0.172 0.299 0.346 0.371 0.372 0.373 0.365 0.423 0.454 0.454 0.457 

0.6 0.142 0.164 0.17 0.171 0.172 0.291 0.346 0.371 0.372 0.373 0.36 0.43 0.453 0.454 0.457 

0.7 0.148 0.168 0.17 0.172 0.172 0.297 0.355 0.371 0.373 0.373 0.364 0.438 0.454 0.456 0.457 

0.8 0.163 0.167 0.17 0.172 0.172 0.318 0.36 0.371 0.373 0.373 0.388 0.442 0.453 0.457 0.457 

0.9 0.163 0.167 0.17 0.172 0.172 0.326 0.361 0.371 0.373 0.373 0.394 0.4 4 4 0.454 0.457 0.457 

1.0 0.163 0.167 0.17 0.172 0.172 0.326 0.361 0.371 0.373 0.373 0.394 0.4 4 4 0.454 0.457 0.457 
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he ranking position i is in R . 

DCG @N = 

1 

IDC G N 

N ∑ 

i =1 

2 

re l i − 1 

log 2 ( 1 + i ) 
, (29) 

here rel i is the relevance of the service goal (or API) at the rank-

ng position i and IDCG N represents the maximum possible DCG

core through position N that can achieve for the query. 

.3. Evaluation of query expansion 

In this section, we report the evaluation results and analysis of

uery expansion, including three aspects: 1) impact of λ1 , λ2 , and

3 ; 2) impact of θ and k ; and 3) comparison of five similarity mea-

ures. 

1) Impact of λ1 , λ2 , and λ3 

In our proposed goal-oriented query expansion approach, there

re five parameters: λ1 , λ2 , λ3 , θ , and k . We tested various settings

f λ1 , λ2 , and λ3 for service goal clustering, to validate the impor-

ance priority among them (i.e., λ2 > λ1 > λ3 ). We further tested

ifferent settings of θ ∈ [0.1, 1.0] and k (varied from 1 to the total

umber of clusters). Under every specific setting of these five pa-

ameters, we measured the MAP and NDCG values of the top 50

ervice goals recommended for each query in Table 3 , and then

omputed the average MAP and NDCG of the 21 queries. After-

ards, we found out the optimal average MAP and NDCG achieved

ith each setting of λ1 , λ2 , and λ3 , as presented in Table 4 . Based

n the performance results, we introduced a concept “support ra-

io” to evaluate the priority (denoted by p ), as defined below: 

upport Rat io ( p ) = 

∑ 

x ∈ Set t ings ( p ) , y ∈ Set t ings ( ¬ p ) I { M ( x ) > M ( y ) } 
| Set t ings ( p ) | | Set t ings ( ¬ p ) | , 

(30) 

here Settings ( p ) denotes the set of settings of λ1 , λ2 , and λ3 that

atisfy p , e.g., the setting of λ1 = 0.3, λ2 = 0.6, and λ3 = 0.1; Set-

ings ( ¬ p ) denotes the set of settings that do not satisfy p , e.g., the

etting of λ1 = 0.6, λ2 = 0.3, and λ3 = 0.1; M ( s ) means the perfor-

ance on a specific metric (e.g., MAP@10 and NDCG@10) achieved

ith setting s; I { e } is an indicator function, that is, if the value of

xpression e is true, then it returns 1, and 0 otherwise. Intuitively,

he support ratio of p considers all pairs of two settings x ∈ Set-

ings ( p ) and y ∈ Settings ( ¬ p ), and measures how many pairs of

hem are expected, i.e., the performance achieved with x is higher
han that achieved with y . A higher SupportRatio ( p ) indicates that

 is more reasonable. 

The last row in Table 4 presents the support ratios of

2 > λ1 > λ3 . As an example, the value “84/104 ′′ means that there

re 104 pairs of ( x, y ), where x ∈ Settings ( λ2 > λ1 > λ3 ) and y ∈
ettings ( ¬ ( λ2 > λ1 > λ3 ) ), and 84 pairs of them satisfy that the

AP@10 performance achieved with x is higher than that achieved

ith y . It can be seen that most of the support ratios are around

.8, which demonstrates that in most cases better goal recommen-

ation lists are generated for queries by setting λ1 , λ2 , and λ3 

ccording to the priority. Moreover, through analysis, the unex-

ected results of M ( x ) ≤ M ( y ) are mainly caused by two factors:

) some word similarities in WordNet are unexpected, which leads

o improper similarities of service goal clusters to queries and im-

roper similarities of recommended service goals to queries; and

) some important nouns of a domain are neglected by the sub-

ects and excluded in the DCN of the domain. The optimal perfor-

ance on each specific metric is marked in bold in Table 4 . We can

ee that the setting of λ1 = 0.3, λ2 = 0.6, and λ3 = 0.1 achieves

he best performance on three metrics, i.e., MAP@30, MAP@40,

nd NDCG@30, which is better than the other settings on the

hole. Therefore, the experiment results produced using λ1 = 0.3,

2 = 0.6, and λ3 = 0.1 were adopted in the following evaluations.

able 5 presents the numbers of extracted service goals and the

umbers of service goal clusters generated using the optimal set-

ing of λ1 , λ2 , and λ3 in each of the seven experimental domains. 

2) Impact of θ and k 

Now that the optimal setting of important priority among pa-

ameters λ1 , λ2 , and λ3 for our experiments is found out, we fur-

her determine the other two parameters, i.e., θ (used to determine

he words contained in service goal clusters that are semantically

imilar to a query) and k (the number of similar service goal clus-

ers to be recommended for a query) . 

Tables 6 and 7 present average MAP and NDCG of the top 10,

0, and 50 of goal recommendation lists generated for the 21 ex-

erimental queries using different settings of θ and k , given the

ptimal setting of λ1 , λ2 , and λ3 . Columns “k = all” show the per-

ormance values obtained by recommending all service goal clus-

ers of the target domain of each query. We can see that by setting

 = all, the MAP (or NDCG) values are the same under different set-

ings of θ , because all service goals are involved in recommenda-

ion and no relevant goal is excluded. When k = 5 or 10, the MAP

nd NDCG values go through a roughly similar process (except for
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Table 7 

NDCG@N of Query Expansion Using Different Settings of θ and k (with λ1 = 0.3, λ2 = 0.6, λ3 = 0.1). 

θ NDCG@10 NDCG@30 NDCG@50 

k = 5 k = 10 k = 15 k = 20 k = all k = 5 k = 10 k = 15 k = 20 k = all k = 5 k = 10 k = 15 k = 20 k = all 

0.1 0.619 0.701 0.753 0.753 0.753 0.554 0.703 0.779 0.786 0.788 0.539 0.69 0.772 0.779 0.782 

0.2 0.571 0.692 0.75 0.752 0.753 0.509 0.684 0.781 0.786 0.788 0.496 0.676 0.777 0.779 0.782 

0.3 0.569 0.725 0.75 0.753 0.753 0.516 0.726 0.783 0.786 0.788 0.505 0.726 0.776 0.779 0.782 

0.4 0.632 0.722 0.75 0.753 0.753 0.602 0.727 0.782 0.787 0.788 0.593 0.728 0.776 0.78 0.782 

0.5 0.676 0.72 0.75 0.751 0.753 0.64 0.736 0.785 0.786 0.788 0.631 0.733 0.778 0.779 0.782 

0.6 0.667 0.721 0.75 0.751 0.753 0.647 0.735 0.785 0.786 0.788 0.635 0.734 0.778 0.779 0.782 

0.7 0.673 0.736 0.75 0.753 0.753 0.651 0.759 0.785 0.787 0.788 0.637 0.756 0.779 0.78 0.782 

0.8 0.671 0.736 0.75 0.753 0.753 0.655 0.762 0.785 0.787 0.788 0.644 0.757 0.778 0.781 0.782 

0.9 0.662 0.738 0.75 0.753 0.753 0.657 0.766 0.786 0.787 0.788 0.643 0.763 0.779 0.781 0.782 

1.0 0.662 0.738 0.75 0.753 0.753 0.657 0.766 0.786 0.787 0.788 0.643 0.763 0.779 0.781 0.782 
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Fig. 4. MAP@N of query expansion using five similarity measures. 
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some fluctuations) as θ increases from 0.1 to 1.0. More specifi-

cally, the MAP (or NDCG) of top 10, 30 or 50 improves relatively

faster before a certain point is reached; thereafter the improve-

ment slows down until the performance is stabilized. The lower

values at the beginning are mainly caused by the fact that a small

θ is unsuitable to determine the similar words of a query, which

leads to improper similarities of service goal clusters, so that some

similar goals outside the top 5 or 10 most similar clusters are not

recommended. When k ≥ 15, the MAP and NDCG are close to

the optimal values achieved with k = all, under different settings

of θ . This is because that k = 15 is large enough to include almost

all relevant goals of queries even when θ is small. In conjunction

with Table 5 , we can see that compared with k = all, k = 15 can

reduce the time required for generating the goal recommendation

list for a query, as there is only a subset of service goals needed to

be ranked by computing their similarities to the query. Moreover,

from another perspective, when θ is fixed, better MAP and NDCG

are achieved with a larger k ( ≤ 20) since more service goals rel-

evant to queries are included by recommending more service goal

clusters. 

It is worthy to note that it is difficult to find out the optimal

settings of θ and k for all potential queries in practice. Based on

the results in Tables 6 and 7 , relatively good performance values

are achieved for our experimental queries under the settings of θ
∈ [0.1, 1.0] and k ≥ 15, which can be used as a reference for prac-

tical applications. In addition, to ensure good performance, θ is not

suggested to be a too small value (e.g., < 0.3) or a too large one

(e.g., > 0.9). The reasons are explained as follows. A too small θ
will not be efficient to determine the similar words of a query and

in turn will lead to improper similarities of service goal clusters

to the query. A too high θ will have a high probability of ignoring

many similar words of a query and thus also affect the similarities

of service goal clusters. 

In the following evaluations, we used the experiment results

produced using θ = 0.9 and k = 15. 

3) Comparison of five similarity measures 

A vital step of the proposed goal-oriented query expansion ap-

proach is to rank the set of recommended service goals by mea-

suring their similarities to the query. Several similarity measures

could be used for this task, such as the classic Jaccard similarity

and Cosine similarity ( Manning et al., 2009 ), as well as our pro-

posed semantics-based similarity measure. Recall that we adopt

an asymmetric measure and distinguish the importance of three

different types of words, to obtain better similarities. To validate

the proposed similarity measure, we compared the performance

of goal recommendation lists generated using five similarity mea-

sures. The details of the five similarity measures used for compar-

ison are given below: 
1) Jaccard similarity (JSim): The Jaccard similarity between service

goal sg and query q was calculated as | W ( sg ) ∩ W (q ) | 
| W ( sg ) ∪ W (q ) | . 

2) Cosine similarity (CSim): The Cosine similarity between a service

goal and a query was calculated based on their word frequency

vectors. 

3) Symmetric semantics-based similarity (SyWNSim): This measure

computed the symmetric similarity of service goal sg to query

q based on the word similarities in WordNet. More specifi-

cally, SyWNSim ( sg, q ) is calculated as WSim 

asy ( W ( sg ), W ( q )) us-

ing Eq. (7) if | W ( q )| ≤ | W ( sg )|, and WSim 

asy ( W ( q ), W ( sg )) other-

wise. 

4) Asymmetric semantics-based similarity (AsyWNSim): This mea-

sure computed the asymmetric similarity of service goal sg to

query q based on the word similarities in WordNet, i.e., AsyWN-

Sim ( sg, q ) = WSim 

asy ( W ( sg ), W ( q )). 

5) AsyWNSim improved by distinguishing the importance of three dif-

ferent types of words (AsyWNSim + DiffW): This is the proposed

measure, as demonstrated in Eq. (22) . Parameters were set as

λ1 = 0.3, λ2 = 0.6, and λ3 = 0.1. 

Figs. 4 and 5 show the average MAP and NDCG of goal rec-

mmendation lists generated using five similarity measures. The

erformance values of JSim and CSim are very close and are

uch worse than those of the other three semantics-based mea-

ures. This is because JSim and CSim do not measure the se-

antic similarities between service goals and queries; therefore

hey are unable to rank semantically similar goals of a query at

igher positions in the goal recommendation list. Among the three

emantics-based measures, AsyWNSim + DiffW achieves the best

erformance, which demonstrates the effectiveness of our pro-

osed similarity measure. Also, AsyWNSim performs only a little
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Table 8 

Ranking positions of highly relevant service goals of “book hotel” in the goal recommendation lists generated using five similarity measures. 

Fig. 5. NDCG@N of query expansion using five similarity measures. 
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etter than SyWNSim. This is because that each of the experimen-

al queries contains only two or three words, which are less than

he numbers of words in most service goals. Since when | W ( q )| ≤
 W ( sg )|, SyWNSim ( sg, q ) = WSim 

asy ( W ( sg ), W ( q )) (which is equal to

syWNSim ( sg, q )), the majority of similarities calculated by SyWN-

im are the same with those calculated by AsyWNSim. 

For example, Tables 8 and 9 present the ranking positions of

ighly relevant service goals of two queries “book hotel” and “get

raffic information” in the goal recommendation lists generated us-

ng five similarity measures. SM1, SM2, SM3, SM4, and SM5 stand

or JSim, CSim, SyWNSim, AsyWNSim, and AsyWNSim + DiffW, re-

pectively. The gray colored entries indicate the highly relevant

oals that are not contained in the top 50 recommendations. We
an see that the ranking positions of highly relevant goals in the

ecommendation lists generated using JSim and CSim are much

orse than those of the other three measures. The goal recom-

endation lists generated by AsyWNSim + DiffW are the best. All

hese results are consistent with the average MAP and NDCG val-

es shown in Figs. 4 and 5 . Some highly relevant goals that are

ot ranked highly in the recommendation lists generated using

syWNSim + DiffW, e.g., < explore, book accommodation, null > of

book hotel.” Based on our analysis, this is mainly because of the

nexpected word similarities in WordNet, e.g., WNSim ( hotel, ac-

ommodation ) = 0.0. 

.4. Evaluation of service discovery 

In this section, we report the evaluation results and analysis of

ervice discovery, including two aspects: 1) comparison of five ser-

ice discovery approaches and 2) comparison of three query ex-

ansion approaches. 

1) Comparison of five service discovery approaches 

As discussed previously, logic-based semantics-aware service 

iscovery approaches that can achieve good performance are dif-

cult to be implemented due to the unavailability of suitable do-

ain ontologies and considerable manual effort s required for an-

otating services and queries using semantic Web service descrip-

ion languages. We compared two service discovery approaches

roposed in this work with three widely used approaches. The five

pproaches are described as follows. 

1) Keyword-based service discovery (KWSD): Existing service reg-

istries usually adopt Keyword-based search technology. For each

experimental query, we calculated the Cosine similarities be-

tween services and the query based on their word frequency

vectors. 
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Table 9 

Ranking positions of highly relevant service goals of “get traffic information” in the goal recommendation lists generated using five similarity measures. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 6. Comparison of five service discovery approaches on MAP@N. 
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2) LDA-based service discovery (LDASD): Many service discovery ap-

proaches have been recently proposed by leveraging topic mod-

els like PLSA and LDA. We implemented an approach based on

LDA according to Naim et al. (2016) , as detailed in Section 5.3 .

Note that the original keywords of the 21 experimental queries

were used as input of this approach. 

3) Service discovery provided by PW (PWSD): This is the service dis-

covery approach used by PW. We submitted each experimental

query to the PW service search engine and collected the re-

turned API lists. To compare with the other approaches, we fil-

tered the APIs in the lists that are not contained in the experi-

mental dataset. 

4) Goal-based service discovery (GSD): This is an approach pro-

posed in this work that retrieves services by matching service

goals of services with those contained in an expanded query, as

demonstrated in Eqs. (23) and (24) . As described in Section 6.2 ,

the expanded result of each experimental query was obtained

by collecting the relevant service goals in the top 50 of the goal

recommendation list generated using AsyWNSim + DiffW under

the setting of λ1 = 0 . 3 , λ2 = 0 . 6 , λ3 = 0 . 1 , θ = 0.9, and k = 15. 

5) Hybrid service discovery based on goal-oriented query expansion

(HSD + GoQE): This is the proposed hybrid service discovery ap-

proach that integrates KWSD, LDASD, and GSD. The expanded

result of each experimental query was used as input of KWSD

and LDASD, as detailed in Section 5.3 . The three component ap-

proaches were equally treated by setting γ1 = γ2 = γ3 = 1. 

Figs. 6 and 7 show the average MAP and NDCG of the API

lists retrieved for the 21 queries using five service discovery

approaches. HSD + GoQE achieves the best performance in most

cases, while LDASD performs the worst. Through analysis, latent

topics learned by LDA are insufficient to reflect the semantics of

APIs accurately; and thus LDASD cannot retrieve appropriate APIs
or queries. The performance values of HSD + GoQE and GSD are

uite close when N is less than 15, indicating that GSD largely de-

ermines the top 15 APIs retrieved by HSD + GoQE. After that point,

he MAP of GSD improves more and more slowly until stabilized

hile the NDCG of GSD degrades, as N increases. This is caused

y the fact that the numbers of APIs retrieved by GSD are limited

no more than 35 for most of the 21 queries) due to the reasons

xplained in Section 5.3 . Thanks to the other two component ap-

roaches, the MAP of HSD + GoQE keeps growing when N becomes

arger than 15. 

When N is less than 15, the performance values of PWSD and

WSD are very close. After that, PWSD becomes worse than KWSD,
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Table 10 

Comparison on MAP@N of KWSD and LDASD with or without three query expansion approaches. 

N 

Approaches 5 10 15 20 25 30 35 40 45 50 

KWSD 0.0667 0.1209 0.1644 0.2104 0.2471 0.2893 0.3255 0.3606 0.3953 0.4283 

KWSD + GoQE 0.0671 0.1308 0.1928 0.2472 0.3011 0.343 0.383 0.4232 0.4608 0.4969 

KWSD + WNQE-1 0.0653 0.1142 0.1501 0.1877 0.2223 0.2582 0.2892 0.32 0.3457 0.3728 

KWSD + WNQE-2 0.0597 0.1044 0.1356 0.1678 0.1985 0.2264 0.2504 0.2728 0.2964 0.3176 

LDASD 0.0404 0.0742 0.1103 0.14 4 4 0.1785 0.2063 0.2326 0.2587 0.2869 0.3103 

LDASD + GoQE 0.042 0.0805 0.1159 0.1553 0.1829 0.2092 0.2375 0.2644 0.2918 0.3185 

LDASD + WNQE-1 0.0407 0.0699 0.0955 0.1207 0.1464 0.1683 0.1897 0.2135 0.2334 0.2537 

LDASD + WNQE-2 0.0298 0.0498 0.0703 0.089 0.1068 0.1217 0.1364 0.1497 0.1647 0.1779 

Fig. 7. Comparison of five service discovery approaches on NDCG@N. 

a  

a  

a  

u  

i  

r  

e  

w

(

 

q  

u  

e  

A  

p  

o  

m  

k  

r  

p  

2  

i

 

e  

e  

c  

2  

t  

f  

N  

a

 

v  

L  

b  

p  

t  

t  

L  

s  

e  

L  

T  

L  

t  

p  

v  

t  

c  

h  

L  

a  

i  

s  

t  

a  

m

7

7

 

F  

f  

s  

s  

a  

f  

p  

i  

S  

m  

r  

t  

r  

s  

q  

T  

t  

g  

w  
nd the performance gaps are getting increasingly more significant

s N continues to increase. Moreover, PWSD has the similar trends

s GSD in terms of both MAP and NDCG. Through observation, PW

ses keyword-based matching, that is, PW will return an API only

f it contains all keywords of a query in its descriptive data. As a

esult, many relevant APIs of queries are not retrieved by PW. For

xample, PW only returns one, two, and seven APIs for queries “get

eather report,” “find bus stop,” and “find airport,” respectively. 

2) Comparison of three query expansion approaches 

In our proposed service discovery approach, a goal-oriented

uery expansion approach (referred to as GoQE) is used to help

sers refine their initial queries by leveraging service goal knowl-

dge, which can promote the performance of service discovery.

s stated previously, there are some existing query expansion ap-

roaches proposed for service discovery, which are mainly based

n WordNet or domain ontologies. Since there is no available do-

ain ontology for our experiments, we compared GoQE with two

inds of WordNet-based query expansion approaches, which are

eferred to as WNQE-1 and WNQE-2, respectively. WNQE-1 ex-

ands a query with the synonyms of its words in WordNet. WNQE-

 expands a query with synonyms, hypernyms, and hyponyms of

ts words in WordNet. 

In the experiment of HSD + GoQE, we obtained two API lists for

ach experimental query q by performing KWSD and LDASD on the

xpanded result of q generated using GoQE. Here, we additionally

onstructed two expanded results of q using WNQE-1 and WNQE-

, respectively; and then performed KWSD and LDASD on each of

he two expanded queries. For each API list retrieved by these dif-

erent versions of KWSD and LDASD, we computed the MAP and

DCG of the top 50 of the list. Afterward, we computed the aver-

ge MAP and NDCG of each approach on the 21 queries. 
Tables 10 and 11 present the average MAP and NDCG of four

ersions of KWSD and LADSD. Except for the original KWSD and

DASD, the other three versions of KWSD and LDASD are com-

ined with GoQE, WNQE-1, and WNQE-2, respectively. For exam-

le, KWSD + GoQE, KWSD + WNQE-1, and KWSD + WNQE-2 denote

he KWSD combined with GoQE, WNQE-1, and WNQE-2, respec-

ively. In most cases, the performance values of KWSD + GoQE and

DASD + GoQE are better than those of KWSD and LDASD. More

pecifically, the MAP and NDCG of KWSD are improved on av-

rage by 15.16% and 1.98%, respectively. The MAP and NDCG of

DASD are improved on average by 3.76% and 4.13%, respectively.

he performance values of the other two versions of KWSD and

DASD (combined with WNQE-1 and WNQE-2) are worse than

hose of KWSD and LDASD. Based on our analysis, the degraded

erformance is caused by the fact that many semantically rele-

ant words of queries extracted from WordNet are unexpected, e.g.,

he synonym record of book and some desired words are not in-

luded, e.g., the semantically equivalent word accommodation of

otel . Moreover, the performance values of KWSD + WNQE-2 and

DASD + WNQE-2 are much worse than those of KWSD + WNQE-1

nd LDASD + WNQE-1. This is because more unexpected words are

ntroduced by considering hypernyms and hyponyms. All these re-

ults demonstrate that our proposed GoQE can contribute to bet-

er performance of some state-of-the-art approaches, e.g., KWSD

nd LDASD, while WNQE-1 and WNQE-2 will decrease the perfor-

ance. 

. Distributions, Limitations, and threats to validity 

.1. Contributions 

The significant contributions of this work lie in three aspects.

irstly, we present an approach to mining knowledge on service

unctionalities from a service registry, which contains two main

teps: service goal extraction and service goal clustering. The first

tep was studied in Zhang et al. (2017) . In this paper, we propose

 method for the second step. In particular, we design a method

or measuring semantic similarities between service goals by em-

loying the word similarities in WordNet and distinguishing the

mportance of three different types of words in a specific domain.

econdly, we propose a query expansion approach based on the

ined service goal knowledge, which can help service requesters

efine their initial queries. For a given query, service goals assigned

o the similar service goal clusters are recommended. From the

ecommendations, the service requester can gain a better under-

tanding of service functionalities related to his/her functional re-

uirements, and select some desired goals as an expanded query.

hirdly, we propose a hybrid service discovery approach based on

he expanded query. The approach contains three components: a

oal-based approach that matches the service goals of each service

ith those in the expanded query and two existing approaches
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Table 11 

NDCG@N of KWSD and LDASD with or without three query expansion approaches. 

N 

Approaches 5 10 15 20 25 30 35 40 45 50 

KWSD 0.6931 0.633 0.6018 0.6192 0.6182 0.6351 0.6387 0.6411 0.6513 0.6584 

KWSD + GoQE 0.6406 0.621 0.6298 0.638 0.6446 0.6538 0.6617 0.6649 0.6732 0.683 

KWSD + WNQE-1 0.659 0.5983 0.5779 0.5808 0.5846 0.5956 0.6007 0.6083 0.6083 0.6155 

KWSD + WNQE-2 0.5663 0.532 0.5153 0.5195 0.5258 0.5307 0.5344 0.5412 0.5485 0.5602 

LDASD 0.3828 0.3681 0.4036 0.4166 0.4295 0.4317 0.441 0.4508 0.4654 0.4721 

LDASD + GoQE 0.4137 0.4133 0.4177 0.4355 0.4382 0.4464 0.4505 0.4586 0.4691 0.4855 

LDASD + WNQE-1 0.3573 0.3425 0.3411 0.3513 0.3649 0.3754 0.3839 0.4061 0.4136 0.4276 

LDASD + WNQE-2 0.2802 0.2756 0.2825 0.2897 0.2998 0.3054 0.3173 0.3257 0.3391 0.3466 

Fig. 8. Snapshot of our prototype system. 
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(i.e., a keyword-based and an LDA-based) improved by taking the

expanded query as input. 

Experiment results show that the proposed query expansion

approach can effectively recommend semantically similar service

goals for queries and the proposed service discovery approach out-

performs several popular approaches. Another advantage of our

proposed approach is that the retrieved services can be displayed

along with their service goals relevant to the query, which can help

the requester in getting a quick understanding of services’ func-

tionalities and choosing the services of interest quickly. We have

developed a prototype system according to the proposed approach.

Fig. 8 shows a snapshot of the recommended service goal list and

the retrieved API list for query “book hotel” in our prototype sys-

tem. 

7.2. Limitations 

There are some limitations of the proposed approach. As for

the service goal clustering and goal-oriented query expansion ap-

proaches, the key is to measure the similarities between service

goals and the similarities of recommended goals to a query. We

implement these two tasks based on the semantic similarities of

words in WordNet. However, not all word similarities in Word-

Net are suitable for the tasks. As a result, some similar service
oals fail to be grouped, and some similar goals of a query can-

ot be ranked at high positions in the goal recommendation list

see Tables 8 and 9 ). Moreover, to guarantee the quality of con-

tructed domain-specific verbs and core nouns, domain analysts

re involved in the construction process based on two automat-

cally generated lists, as described in Section 4.2 . Although this

emi-automated process in the first round of construction is time-

onsuming and error-prone, the participation of domain analysts

an be minimized by adopting a suitable updating mechanism. For

xample, when a certain number of new services are added to the

omain, a ranked keyword list can be automatically generated and

hen be compared with existing domain assets. The discrepancies

ould be quickly judged by domain analysts to update the domain

ssets. We will investigate this issue in the future. 

As for the service discovery approach, we focus in this re-

earch on retrieving services that can satisfy functional require-

ents. In practice, there can be many services that provide the

ame (or semantically equivalent) functionalities, e.g., APIs Cleartrip

otel, EasyToBook , and DealAngel retrieved for “book hotel” shown

n Fig. 8 . To facilitate the service selection for service requesters,

hese similar services can be re-ranked by considering their non-

unctional properties, e.g., cost, response time, and the frequency

sed by mashups. Our future work will investigate this problem. 
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.3. Threats to validity 

In this section, we discuss the critical threats to the internal

nd external validity of our evaluation. 

The internal validity is concerned about the repeatability of the

xperiments. In the experiments, several resources are manually

uilt by subjects, including a set of verbs and a set of core nouns

or each domain, a set of queries, and the relevant service goals

nd the relevant APIs of each query. A threat to the internal va-

idity is that the subjects’ understanding of their assigned domains

ay have an impact on the resulting resources, which will, in turn,

ffect the experiment results. To mitigate this threat, we assigned

ach selected domain to two subjects and adopted the following

wo strategies. First, before conducting the experiments, we held

 meeting for introducing to the subjects the proposed approach

nd the experiment tasks needed to be done by them. The subjects

ere then given enough time (i.e., one week) to familiarize them-

elves with the background knowledge of their assigned domains

sing Wikipedia pages, the ranked domain keyword lists, the ser-

ice goals extracted for domain-specific services, and so on. Sec-

nd, after the familiarization process, we held a meeting with the

ubjects again to build each type of the resources for each domain

n a two-step way. Two subjects assigned to a domain built the re-

ource independently and then discussed debatable parts together

o reach an agreement. 

The external validity is concerned about the generalizability of

he experiment results. A concern with the external validity is the

epresentativeness of APIs and queries used for experimentation.

he APIs were crawled from one service registry, PW. Specifically,

e selected seven domains according to their scale and popularity.

ince the content of PW relies on the input from API providers and

ther users, this will introduce the danger of the selection of do-

ains. Moreover, the scale and popularity of a domain will change

ver time as new APIs, and new mashups are continuously regis-

ered at PW. As for the queries, we asked the recruited 14 sub-

ects to construct three representative queries for each domain, re-

ulting in 21 experimental queries. Although the evaluations with

his small number of queries show positive results, we plan to ex-

and our evaluations by recruiting more subjects and using them

o evaluate queries on multiple datasets besides PW. 

. Conclusions and future work 

This paper proposes a service discovery approach by leverag-

ng service goal knowledge mined from textual service descrip-

ions. We firstly present a method for clustering the service goals

xtracted from textual service descriptions by measuring their se-

antic similarities. Afterward, a query expansion approach is pro-

osed to help service requesters refine initial queries by recom-

ending similar service goals. Finally, a hybrid service discov-

ry approach is proposed to retrieve services according to the

oals selected by the requester from recommendations. Experi-

ents conducted on a real-world service dataset crawled from Pro-

rammableWeb show the effectiveness of the proposed approach. 

The limitations discussed in Section 7.2 will serve as the direc-

ions of our future works. For example, we plan to improve the

oal-oriented query expansion approach by utilizing service goals

elected by service requesters for queries. Moreover, we will con-

ider non-functional properties of services in addition to functional

equirements to develop an integrated method of service discov-

ry. Also, another potential usage of extracted service goals is that

hey can help developers in functional design of SBSs by identify-

ng essential functionalities related to a given topic. For example,

hich functionalities are more popular, i.e., with higher frequen-

ies; which functionalities have not been fully exploited in exist-

ng services, i.e., with lower frequencies or non-occurrence. In the
uture, we plan to further mine semantic associations among ser-

ice goals, to provide more insightful knowledge for the functional

esign of SBSs. 

cknowledgment 

This research was supported by the National Basic Research

rogram of China (No. 2014CB340404 ), National Key Research and

evelopment Program of China (No. 2017YFB1400602 ), National

cience Foundation of China (Nos. 61572371, 61672387 , and

1402150 ), and the Strategic Team-Building of Scientific and Tech-

ological Innovation in Hubei Province of China. 

eferences 

ljoumaa, K. , Assar, S. , Souveyet, C. , 2011. Reformulating user’s queries for inten-

tional services discovery using an ontology-based approach. In: Int’l Conf. New
Technol., Mobility and Security, pp. 1–4 . 

znag, M. , Quafafou, M. , Jarir, Z. , 2014. Leveraging formal concept analysis with
topic correlation for service clustering and discovery. In: IEEE Int’l Conf. Web

Serv, pp. 153–160 . 
ano, M. , Zowghi, D. , Ikram, N. , et al. , 2014. What makes service oriented require-

ments engineering challenging? A qualitative study. IET Softw. 8 (4), 154–160 . 

ird, S. , Loper, E. , Klein, E. , 2009. Natural Language Processing With Python. O’Reilly
Media Inc . 

lei, D.M. , Ng, A.Y. , Jordan, M.I. , 2003. Latent dirichlet allocation. J. Mach. Learn.
Research 3, 993–1022 . 

assar, G. , Barnaghi, P. , Moessner, K. , 2014. Probabilistic matchmaking methods for
automated service discovery. IEEE Trans. Serv. Comput. 7 (4), 654–666 . 

hang, C. , Lin, C. . LIBSVM: a library for support vector machines . 
hen, F. , Li, M. , Wu, H. , et al. , 2017a. Web service discovery among large service

pools utilizing semantic similarity and clustering. Enterprise Info. Syst. 11 (3),

452–469 . 
hen, F. , Lu, C. , Wu, H. , et al. , 2017b. A semantic similarity measure integrating mul-

tiple conceptual relationships for Web service discovery. Expert Syst. with Appl.
67, 19–31 . 

hen, L. , Wang, Y. , Yu, Q. , et al. , 2013. WT-LDA: user tagging augmented LDA for
web service clustering. In: Int’l Conf. Service-Oriented Comput, pp. 162–176 . 

heng, X. , Lan, Y. , Guo, J. , et al. , 2014. BTM: topic modeling over short texts. IEEE

Trans. Knowl. and Data Eng. 26 (12), 2928–2941 . 
ong, Z. , Fernandez, A. , Billhardt, H. , et al. , 2015. Service discovery acceleration with

hierarchical clustering. Info. Syst. Frontiers 17 (4), 799–808 . 
rasso, M. , Zunino, A. , Campo, M. , et al. , 2011. A survey of approaches to Web

service discovery in service-oriented architectures. J. Database Manag. 22 (1),
102–132 . 

an, P. , Moore, A.W. , 20 0 0. X-means: extending K -means with efficient estimation

of the number of clusters. In: Int’l Conf. Machine Learning, pp. 727–734 . 
ong, X. , Halevy, A. , Madhavan, J. , et al. , 2004. Similarity search for Web services.

VLDB 372–383 . 
arcía J, M. , Ruiz, D. , Garc, A.R. , et al. , 2012. Improving semantic Web services dis-

covery using SPARQL-based repository filtering. In: Web Seman. Sci. Serv. and
Agents on the World Wide Web, 17, pp. 12–24 . 

arg, A. , Enright, C.G. , Madden, M.G. , 2015. On asymmetric similarity search. In:

IEEE Int’l Conf. Mach. Learn. and Appl, pp. 649–654 . 
hali, B.E. , Qadi, A.E. , 2017. Context-aware query expansion method using language

models and latent semantic analyses. Knowl. Info. Syst. 5 (3), 751–762 . 
e, Q. , Yan, J. , Jin, H. , et al. , 2014. Quality-aware service selection for service-based

systems based on iterative multi-attribute combinatorial auction. IEEE Trans.
Softw. Eng. 40 (2), 192–215 . 

e, Q., Zhou, R., Zhang, X., et al., 2016. Keyword search for building service-based

systems. IEEE Trans. Softw. Eng. doi: 10.1109/TSE.2016.2624293 . 
ofmann, T. , 1999. Probabilistic latent semantic analysis. In: 15th Conf. Uncertainty

in Artificial Intell, pp. 289–296 . 
hanmohammadi, S. , Adibeig, N. , Shanehbandy, S. , 2017. An improved overlap-

ping k-means clustering method for medical applications. Expert Syst. Appl. 67,
12–18 . 

lusch, M. , Fries, B. , Sycara, K. , 2009b. OWLS-MX: A hybrid semantic Web service

matchmaker for OWL-S services. In: Web Seman. Sci. Serv. and Agents on the
World Wide Web, 7, pp. 121–133 . 

lusch, M. , Kapahnke, P. , Schulte, S. , et al. , 2016. Semantic Web service search: A
brief survey. KI Künstliche Intell 30 (2), 139–147 . 

lusch, M. , Kapahnke, P. , Zinnikus, I. , 2009a. Hybrid adaptive Web service selec-
tion with SAWSDL-MX and WSDL-Analyzer. In: European Seman. Web Conf,

pp. 550–564 . 
lusch, M. , Kaufer, F. , 2009. WSMO-MX: a hybrid semantic Web service match-

maker. J. Web Intell. and Agent Syst. 7 (1), 23–42 . 

okash, N. , Heuvel, W. , D’Andrea, V. , 2006. Leveraging Web services discovery
with customizable hybrid matching. In: Int’l Conf. Service-Oriented Comput,

pp. 522–528 . 
i, Z. , He, K. , Wang, J. , et al. , 2014. An on-demand services discovery approach based

on topic clustering. J. Internet Technol. 15 (4), 543–555 . 

http://dx.doi.org/10.13039/501100008982
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0001
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0001
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0001
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0001
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0002
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0002
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0002
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0002
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0003
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0003
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0003
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0003
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0003
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0004
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0004
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0004
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0004
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0005
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0005
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0005
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0005
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0006
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0006
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0006
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0006
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0007
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0007
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0007
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0008
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0008
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0008
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0008
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0008
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0009
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0009
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0009
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0009
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0009
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0010
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0010
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0010
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0010
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0010
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0011
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0011
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0011
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0011
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0011
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0012
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0012
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0012
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0012
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0012
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0013
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0013
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0013
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0013
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0013
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0014
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0014
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0014
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0015
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0015
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0015
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0015
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0015
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0016
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0016
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0016
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0016
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0016
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0017
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0017
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0017
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0017
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0018
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0018
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0018
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0019
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0019
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0019
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0019
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0019
https://doi.org/10.1109/TSE.2016.2624293
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0021
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0021
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0023
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0023
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0023
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0023
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0024
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0024
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0024
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0024
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0025
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0025
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0025
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0025
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0025
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0026
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0026
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0026
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0026
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0027
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0027
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0027
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0028
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0028
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0028
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0028
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0029
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0029
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0029
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0029
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0029


90 N. Zhang et al. / The Journal of Systems and Software 142 (2018) 73–91 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

S  

W  

 

 

 

W  

 

W  

W  

 

X  

 

Z  

 

Z  

 

Lu, W. , Cai, Y. , Che, X. , et al. , 2016. Joint semantic similarity assessment with raw
corpus and structured ontology for semantic-oriented service discovery. Per-

sonal and Ubiquitous Comput. 20 (3), 311–323 . 
Ma, S.P. , Li, C.H. , Tsai, Y.Y. , et al. , 2013. Web service discovery using lexical and se-

mantic query expansion. In: IEEE Int’l Conf. E-Business Eng, pp. 423–428 . 
Manning, C.D. , Raghavan, P. , Schutze, H. , 2009. An Introduction to Information Re-

trieval. Cambridge University Press . 
Marcus, M.P. , Marcinkiewicz, M.A. , Santorini, B. , 1993. Building a Large Annotated

Corpus of English: the Penn Treebank. MIT Press . 

Marneffe, M. , MacCartney, B. , Manning, C.D. , 2006. Generating typed dependency
parses from phrase structure parses. LREC . 

Miller, G.A. , 1995. WordNet: a lexical database for english. Commun. ACM 38 (11),
39–41 . 

Naim, H. , Aznag, M. , Quafafou, M. , et al. , 2016. Probabilistic approach for diversifying
web services discovery and composition. IEEE Int’l Conf. Web Serv. 73–80 . 

Paliwal, A.V. , Shafiq, B. , Vaidya, J. , et al. , 2012. Semantics-based automated service

discovery. IEEE Trans. Serv. Comput. 5 (2), 260–275 . 
Plebani, P. , Pernici, B. , 2009. URBE: Web service retrieval based on similarity evalu-

ation. IEEE Trans. Knowl. Data Eng. 21 (11), 1629–1642 . 
Porter, M.F. , 2006. An algorithm for suffix stripping. Readings Info. Retriev. 130–137 .

Rodriguez Mier, P. , Pedrinaci, C. , Lama, M. , et al. , 2016. An integrated semantic Web
service discovery and composition framework. IEEE Trans. Serv. Comput. 9 (4),

537–550 . 

Rolland, C. , Souveyet, C. , Achour, C.B. , 1998. Guiding goal modeling using scenarios.
IEEE Trans. Softw. Eng. 24 (12), 1055–1071 . 

Roman, D. , Kopecký, J. , Vitvar, T. , et al. , 2015. WSMO-Lite and hRESTS: Lightweight
semantic annotations for Web services and RESTful APIs. J. Web Seman. 31,

39–58 . 
tevenson, M. , Greenwood, M.A. , 2006. Comparing information extraction pattern
models. Assoc. Comput. Lingu. 12–19 . 

ang, J., Gao, P., Ma, Y., et al., 2017a. A web service discovery approach based on
common topic groups extraction. IEEE Access. doi: 10.1109/ACCESS.2017.2712744 .

Wang, J. , Zhang, N. , Zeng, C. , et al. , 2013. Towards services discovery based on ser-
vice goal extraction and recommendation. In: IEEE Int’l Conf. Serv. Comput,

pp. 65–72 . 
ang, Y. , Lin, X. , Wu, L. , et al. , 2017b. Effective multi-query expansions: collabora-

tive deep networks for robust landmark retrieval. IEEE Trans. Image Process. 26

(3), 1393–1404 . 
ang, Y. , Stroulia, E. , 2003. Flexible interface matching for Web service discovery.

In: IEEE Int’l Conf. Web Info. Syst. Eng, pp. 147–156 . 
ei, D. , Wang, T. , Wang, J. , et al. , 2011. SAWSDL-iMatcher: a customizable and ef-

fective semantic Web service matchmaker. In: Web Seman. Sci. Serv. and Agents
on the World Wide Web, 9, pp. 402–417 . 

ia, B. , Fan, Y. , Tan, W. , et al. , 2015. Category-aware API clustering and distributed

recommendation for automatic mashup creation. IEEE Trans. Serv. Comput. 8
(5), 674–687 . 

hang, J. , Wang, J. , Hung, P. , et al. , 2012. Leveraging incrementally enriched domain
knowledge to enhance service categorization. Int’l J. Web Serv. Research 9 (3),

43–66 . 
hang, N., Wang, J., Ma, Y., 2017. Mining domain knowledge on service goals from

textual service descriptions. IEEE Trans. Serv. Comput. doi: 10.1109/TSC.2017.

2693147 . 

http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0030
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0030
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0030
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0030
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0030
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0031
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0031
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0031
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0031
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0031
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0032
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0032
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0032
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0032
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0033
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0033
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0033
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0033
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0034
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0034
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0034
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0034
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0035
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0035
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0036
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0036
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0036
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0036
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0036
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0037
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0037
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0037
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0037
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0037
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0038
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0038
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0038
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0039
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0039
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0040
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0040
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0040
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0040
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0040
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0041
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0041
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0041
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0041
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0042
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0042
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0042
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0042
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0042
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0043
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0043
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0043
https://doi.org/10.1109/ACCESS.2017.2712744
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0045
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0045
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0045
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0045
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0045
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0046
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0046
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0046
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0046
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0046
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0047
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0047
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0047
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0048
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0048
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0048
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0048
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0048
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0049
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0049
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0049
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0049
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0049
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0022
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0022
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0022
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0022
http://refhub.elsevier.com/S0164-1212(18)30074-8/sbref0022
https://doi.org/10.1109/TSC.2017.2693147


N. Zhang et al. / The Journal of Systems and Software 142 (2018) 73–91 91 

er Science, Wuhan University, China. He received the B.S. degree in 2012 from Wuhan 

omputing and knowledge mining. 

, Wuhan University, China. He received the Ph.D. degree in 2008 from Wuhan University, 

puting and software engineering. 

ter Science, Wuhan University, China. He received the Ph.D. degree in 2007 from Wuhan 
oftware engineering and services computing. 

nce, Wuhan University, China. He received his Ph.D. degree from Hokkaido University of 
puting and software engineering. 

ter and Information Engineering, Henan University, Kaifeng, China. She received the Ph.D. 
t research interests include services computing and software engineering. 

uter Science and Computer Engineering Department, University of Arkansas. He received 

University in 1995. His current interests include software engineering, service computing, 

ic, knowledge-based systems, and artificial intelligence applications. 
Neng Zhang is a Ph.D. student of the School of Comput

University, China. His research interests include services c

Jian Wang is a lecturer of the School of Computer Science

China. His current research interests include services com

Yutao Ma is an associate professor of the School of Compu
University, China. His current research interests focus on s

Keqing He is a professor of the School of Computer Scie
Japan in 1995. His research interests include services com

Zheng Li is an associate professor of the School of Compu
degree in 2013 from Wuhan University, China. Her curren

Xiaoqing (Frank) Liu is currently a professor of the Comp

his Ph.D. degree in computer science from the Texas A&M 

online argumentation and collaborative systems, fuzzy log


	Web service discovery based on goal-oriented query expansion
	1 Introduction
	2 Related work
	2.1 Web service discovery
	2.2 Query expansion

	3 Approach overview
	4 Offline service mining
	4.1 Service goal extraction
	4.2 Service goal clustering

	5 Online service discovery based on goal-oriented query expansion
	5.1 Domain matching
	5.2 Goal-Oriented query expansion
	5.3 Service retrieval

	6 Experiments
	6.1 Dataset and preprocessing
	6.2 Experiment design
	6.3 Evaluation of query expansion
	6.4 Evaluation of service discovery

	7 Distributions, Limitations, and threats to validity
	7.1 Contributions
	7.2 Limitations
	7.3 Threats to validity

	8 Conclusions and future work
	 Acknowledgment
	 References


