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ABSTRACT

Webserviceclassificationhasbecomeanurgentdemandonservice-orientedapplications.Most
existingclassificationalgorithmsmainlyrelyontheoriginalservicedescriptions.Thatleadstolow
classificationaccuracy,sinceitcannotfullyreflectthesemanticfeaturespecifictoaservicecategory.
Tosolvetheissue,thisarticleproposesanovelapproachforwebserviceclassification,including
servicetopicfeatureextraction,servicefunctionalityaugmentation,andserviceclassificationmodel
learning.Thecharacteristicisthattheoriginalservicedescriptionscanbesemanticallyaugmented,
whichisfedtoderivingaserviceclassifiervialabeledprobabilistictopicmodel.Abenefitfromthis
approachisthatitcanbeappliedtoanonlineservicemanagementplatform,whereitassistsservice
providerstofacilitatetheregistrationprocess.Extensiveexperimentshavebeenconductedonalarge-
scalereal-worlddatasetcrawledfromProgrammableWeb.Theresultsdemonstratethatitoutperforms
state-of-the-artmethodsintermsofserviceclassificationaccuracyandconvergencespeed.
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1. INTRodUCTIoN

DuetothefastadvancementofWeb2.0technologiesandservice-orientedcomputing,moreand
moreserviceproviderspublishtheirservicesontheinternetmainlyintheformofwebAPIs.They
canbemoreeasilyorganizedandmanipulatedinalooselycoupledstyleforcreatingservicemashups
tofulfillcomprehensivefunctionalrequirementsandoffervalue-addedintegratedsoftwaresystems
withcomplexbusinessprocesses.Astherapidincreaseinthenumberanddiversityofwebservices,
itacceleratestheinteroperablemachine-to-machineinteractionandgreatlypromotestheprocedure
ofservicediscovery,optimumselection,automaticcompositionandrecommendation(Xia,Luo,
Li,&Zhu,2013;Xia,Liu,Liu,&Zhu,2012;Li,Luo,Xia,Han,&Zhu,2015).However,withthe
boomofoverwhelmingnumberoffunctionalcharacteristicsofthepublishedwebservices,thereare
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alwayshundredsofcategoriesinanonlineRESTfulservicerepository.Asaresult,ittendstobea
labor-intensivechallengingtaskforserviceproviderstosearchandfindanappropriatecategoryfrom
diverseregisteredones,whenpublishingtheirAPIservicesonaservicemanagementplatform.For
example,ProgrammableWeb.com,whichisthelargestonlineRESTfulservicerepository(APIsand
mashups),collectsover19,000APIsand7000mashupswithmorethan400diversecategorieson
theweb.Inadditiontoprovidingbasicregistrationinformationwhenserviceprovidersregistertheir
APIservicesonProgrammableWeb,itneedstofurthermanuallychooseatleastonedesiredcategory
frommorethan400categoriessothatitcanmatchcorrespondingservicefunctionaldescription.
Therefore,howtodesignaneffectiveapproachthatcanclassifywebservicesandrecommendan
accuratecategoryhasbecomeacriticalresearchissuetobeaddressed(Ames&Naaman,2007).

In recent years, correlative research efforts have been posed on web service classification
(Tsoumakas,Katakis,&Taniar,2008).Theseexistingapproachesachievethegoalofwebservice
classification and service tag recommendation by training traditional supervised learning model
(e.g.,SVM)(Lopez&Maldonado,2016;Wang,Shy,Zhou,&Bouguettaya,2010),activelearning-
basedsupervisedlearningmodel(Tong&Koller,2001;Liu,Agarwal,Ding,&Yu,2016;Shi,Liu,
&Yu,2017),oracomprehensivesupervisedlearningmodelwhereunlabeledprobabilistic topic
model(e.g.,LDA)(Krestel,Fankauser,&Nejdl,2009)hasbeenappliedtoextractsemanticfeature
ofwebservices.Someoftheworksgenerallylearnaclassificationmodelunderanexistinglabeled
servicerepository,whileactive learningmethodwas takenintoaccountforboostingthe learned
serviceclassifier,wherethemostinformativeservicesareintellectuallyselectedateachiteration
andmanuallylabeledwithhumaneffortstoenrichthequalityofsmallscaletrainingdata.Although
theytakeadvantageoftheexistingservicerepositoryastrainingdatatoderiveaserviceclassifier
whichcanbeeasilydeployedandapplied,itisstillunsatisfactoryforserviceproviders’demandson
highaccuracyofwebserviceclassification.

Theessential reason is thatexistingapproacheshavedeficiencieson theireffectivenessand
efficiency.Morespecially,thedisadvantagesofcurrentparadigmforwebserviceclassificationare
twofold.(1)Ononehand,theymainlyrelyontheoriginalservicedescriptionsforlearningaservice
classifier,whereeachfunctionaldescriptionofaRESTfulwebserviceonlyconsistsofabunchofshort
text(e.g.,10to20words),failingtobefullyunderstoodonitscorrespondingcategory.Furthermore,
itisobservedthatsomewordsarefrequentlyrepeatedwithhighoccurrenceacrossdifferentservice
descriptions,whichobviouslydisturbs thepurityof differentiating its categoryofweb services.
Therefore,itiscruciallyharmfultoaffecttheclassificationaccuracy.(2)Ontheotherhand,most
existingapproachesleveragetraditionalclassificationalgorithm(e.g.,SVM),wheremultiplebasic
modelsneedtobetrainedasawholetoperformwebserviceclassification,becauseeachofthemisa
dichotomousclassifierthatcannotdirectlysolveamulti-classproblem.Asaresult,theyaccomplish
thetaskwithhighcomplexitybothonhugespaceconsumptionandslowconvergencespeed,when
trainingaserviceclassifieronalarge-scalewebservicerepository.

Tohandleabovetworesearchchallenges,thisarticleproposesanovelframeworkforeffective
andefficientwebserviceclassification.Theauthorsmainlyfocusonsolvingtwoissues:(1)Howto
enrichshorttextdescriptionofwebservicestowardsmoreaccuratecorrelationwithitscategory?
(2) How to implement service classification efficiently? To address the first issue, the authors
firsteliminate thosewords(Del-List) fromoriginalservicedescriptions,since theycannotmake
differencesamongdifferentservicecategories.Then,theauthorsderivekeywords(Key-List)that
can affect the capability of service topic recognition. Finally, the authors propose an expansion
strategytoenrichservicefunctionalitydescriptionofwebservices.Toaddress thesecondissue,
theauthorstrainaugmentedservicedescriptionsbyusinglabeledprobabilistictopicmodelL-LDA
whichminestheimplicitsemanticrelationshipsthroughoutservicerepository.Theauthorsassign
alltheservicescategoriesasfeaturetopicswhentraininganL-LDAmodeltogenerateprobabilistic
topicdistribution.Thatgreatlyenhancestheaccuracyandefficiencyofserviceclassificationwork.
Themaincontributionsoftheworkisasfollows:
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1. Theauthorsproposeanovelframeworkforwebserviceclassificationwiththeconsideration
ofbothaugmentingoriginalservicedescriptionsandmininglatentsemanticsofservicetopic
features.

2. The authors propose an expansion strategy for augmenting original service descriptions
via Word2vec by jointly eliminating words that are occurred among multiple service topic
distributionswithhighprobabilityandderivingkeywordsthatcansignificantlyreflectservice
category.

3. Theauthorsproposeaserviceclassificationlearningapproachbasedonlabeledprobabilistic
topicdistributionmodelL-LDAbyusingaugmentedservicedescriptions.

4. Theauthorsdesignandimplementaprototypesystemandconductextensiveexperimentsona
real-worlddatasetcrawledfromPrgrammableWeb.Theresultsdemonstratethattheapproach
achievessuperiorperformancethanstate-of-the-artwebserviceclassificationmethods.

Theremainderofthepaperisorganizedasfollows.Section2reviewstherelatedwork.Section
3formulatesthewebserviceclassificationproblem.Section4illustratesanoverviewframeworkof
theproposedapproach.Section5presentsthedetailsoftheapproachforwebserviceclassification.
Section6showstheexperimentalevaluation,andSection7concludesthepaperanddiscussesthe
futurework

5. ReLATed WoRK

Inrecentyears,serviceclassificationhasbecomeoneofthecoreresearchissuesinthefieldofservices
computing. Ingeneral, serviceclassificationapproaches fall into twocategories: syntactic-based
serviceclassificationandsemantic-basedserviceclassification.

Syntactic-based service classification methods focus on applying traditional classification
algorithmstodifferentiatethetagsofwebservices.Simonetal.presentedanapproachthatperformed
pool-basedactivelearningwithsupportvectormachine(SVM)fortextclassification(Tong&Koller,
2001).Themethodwasbasedonthemotivationthatwhenthelabelsoftheservicetrainingsetneed
to bemanually labeled, how to efficiently choose unlabeled services at each round and achieve
themaximumclassificationaccuracywiththeleastmanualconsumption.Afterthat,Wangetal.
tookadvantageofSVMtoclassifywebservicesintocorrespondingcategories(Wang,Shi,Zhou,
Bouguettaya,2010).Duringtheprocessofserviceclassification,astandardtaxonomy,UNSPSC,
wasusedtomodelthefeaturespaceofwebservices.AlthoughSVMalgorithmperformswellin
serviceclassification,onlyasingleclassificationmethodwithoutanypreprocessingprocedurestill
cannotachievethebestclassificationperformance.Torecommendproperservices,Moloodetal.
classifiedwebservicesfromtheobservationofQoSvaluesatdifferentlevels.However,QoS-aware
classification mainly focuses on different non-functional features of web services that does not
considerthedifferentiationsintermsofservicefunctionality(Makhlughian,Hashemi,Rastegari,
&Pejman,2012).

Semantic-based service classification methods leverage latent probabilistic topic model and
traditionalclassificationalgorithmstorecommendtagsforwebservices.SVMalgorithmandFormal
ConceptAnalysis(FCA)havebeenusedbyMarcelloetal.toautomaticallyclassifywebservices
tospecificdomains(Bruno,Canfora,Penta,&Scognamiglio,2005).TheFACisusedtoanalyze
the ontology structure of the service description content, by which the semantic-based service
classification is achieved.Krestel et al. (2011) introduced an approachbasedonLDAmodel to
elicitlatenttopicsfromresources.Aznag,Quafafou,andJarir(2014).extendedthecorrespondence
LDAmodeltoautomaticallytagwebservicesaccordingtoexistingmanualtagsbyexploitinglocal
correlationlabelsinmulti-labellearningcontext.Katakis,Meditskos,Tsoumakas,Bassiliades,and
Vlahavas(2009)improvedwebserviceclassificationaccuracybytakingintoaccountboththetextual
andsemanticdescription,wheremachinelearningalgorithmswerealsoleveragedtopromotethe
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classificationprocess.Toreducethehumaneffortonlabelingservices,Liuetal.(2016)proposeda
scalableserviceclassificationapproachbyactivelearningalgorithm.TheyadoptedLDAtechniqueto
modelaservicedescriptionasafeaturevectorwithlatenttopicsintermsofsemanticlevel,whichis
usedtoiterativelylearnanoptimumSVMmodelaswebserviceclassifier.Shietal.(2017)proposed
amulti-labelactivelearningapproachforwebservicetagrecommendation,expandingLiu’swork
(2016)intoamulti-labelscenario.Activelearningwasconsideredtotrainamulti-labelclassifierwith
acorrelation-awarelearningstrategy,whichcanlearnthecorrelationrelationshipamongdifferenttags.
Liang,Chen,Wu,andBouguettaya(2016)presentedagraph-basedapproachtoautomaticallyassign
tagstounlabeledAPIservicesbyexploitingbothgraphstructureinformationandsemanticsimilarity.
However, most currently existing approaches mainly count on the original service descriptions,
whichcannotfullyreflectitstopicfeaturesandsemanticexpansioncharacteristicsforwebservice
classification,leadingtolowserviceclassificationaccuracy.

Observedfromtheabovedeficiencies,theauthorsproposeanovelapproachforwebservice
classificationviaaugmentinglabelledprobabilistictopicmodel.Bycombiningtheaugmentationof
originalservicedescriptionsusingsemanticfeatureextraction,itachievesbetterserviceclassification
accuracycomparedtotheexistingmethods,whilelearningalabelledprobabilistictopicmodelwith
goodconvergencespeed.

3. PRoBLeM FoRMULATIoN

In this section, theauthorsmainly focusonproviding thedefinitionsonauthors’ research issue.
First,theauthorsabstractlydescribetheRESTfulAPIservicesystemandmashupservicesystem,
respectively.Then,theauthorsformulateawebserviceclassificationproblemtobesolved.

Definition 1 (API Service Repository).A4-tuple ASR S SD C f=< >, , ,  isdefinedasanAPI
servicerepository,where

1) S s s s
m

= { , , ..., }
1 2

representsasetofAPIservicesintherepository,wherem isthenumberofAPI
services.

2) SD sd sd sd
m

= { , , ..., }
1 2

isacollectionoforiginalservicedescriptionstotheirAPIservices,where
sd w w

i i i
= { , , ...}

1 2

consistsofallofthewordsinaservicedescription.

3) C c c c
l

= { , , ..., }
1 2

 representsasetofAPIservicecategories.Eachof themstandsforakindof
servicedomain.

4) f isafunctionmappingfromanAPIservicetoitscorrespondingcategories.Thatis, ∀ ∈s S
i

,
thereisaservicecategory c

j
derivedbymappingfunction f s

i
( ) .

GivenanASR S SD C f=< >, , , ,itisobservedthatsomeoftheAPIservicessharethesamecategory,
eachofwhichincludesatleastoneAPIservice.

Definition 2 (Mashup Service Repository).A3-tupleMSR M MD g=< >, , isdefinedasamashup
servicerepository,where

1) M m m m
p

= { , , ..., }
1 2

representsthesetofmashupservicesintherepository,wherep isthenumber
ofmashupservices.

2) MD md md md
p

= { , , ..., }
1 2

isthecollectionoforiginalservicedescriptionstotheirmashupservices,
wheremd w w

i i i
= { , , ...}

1 2

consistsofallthewordsinamashupservicedescription.



International Journal of Web Services Research
Volume 16 • Issue 1 • January-March 2019

97

3) g  isa functionmapping fromamashupservice to itscorrespondingAPIservices.That is,
∀ ∈m M

i
,asetofAPIservices S S' ⊆ canbecalculatedby g m

i
( ) astheintegratedcomponents

whencreatingthemashupservicem
i
.

Basedontheabovetwodefinitions,theauthorsformulatethewebserviceclassificationproblem
asbelow.

Definition 3 (Web Service Classification).A3-tupleWSC ASR MSR r=< >, , isdefinedasweb
serviceclassificationproblem,whereASR S SD C f=< >, , , isanAPIservicerepository,MSR M MD g=< >, , 
isamashupservicerepository,andr w w

r r
= { , , ...}

1 2

representsthesetofwordsofaserviceregistration

request.Asolutionofawebserviceclassificationproblemrespondstoaservicecategory c C
k
∈ .

GivenawebserviceclassificationproblemWSC ASR MSR r=< >, , ,theauthorsproposeanovel
approachfordiscoveringaservicecategoryanddescribeitsprocedureinthesubsequentsection.

4. FRAMeWoRK

Figure1illustratestheoverallframeworkoftheproposedapproachforwebserviceclassification.
Fromtheperspectiveoftaskfunctionality,itgoesthroughthreeindependentbutcorrelativecrucial
stages: (1) service topic featureextraction,where theprocessesarecarriedoutbyanalyzing the
probabilistic distributions of latent topics; (2) service functionality augmentation, where service
descriptionreductionandexpansionareperformedbythetechniquesofwordembedding;(3)service
classificationmodellearning,wheretheprocedureoftrainingaserviceclassifierisaccomplished
vialabeledprobabilistictopicmodel.

Inthestageofservicetopicfeatureextraction,first,multiplecategoriesareminedfromtheservice
descriptionsbasedonoriginalwebservicerepository.Second,takingallofthesecategoriesaslatent
topics,alabeledserviceprobabilistictopicdistributionmodelcanbelearnedbytrainingrawweb
servicesviaGibbssampling.SimilartotraditionalLDAmodel,theresultofthetrainingprocessis
representedastwomatrices,includingaservicetextdescriptiondocument-servicetopicmatrixand
aservicetopic-servicefunctionalitydescriptionwordmatrix.Inthedocument-topicmatrix,each
servicedescriptioncorrespondstoaprobabilitydistributionondifferentcategories.Similarly,inthe
topic-wordmatrix,eachservicecategorycorrespondstoaprobabilitydistributionondifferentwords.
Finally,byanalyzingthetopic-wordmatrix,theauthorsextractalistofredundantwordscalledDel-
ListandalistofkeywordscalledKey-Listasservicetopicfeatures.Thosewordsthatappearwith
highprobabilityacrossmultipleservicecategoriesarerecognizedasredundantelements(Del-List),
sincetheydisturbthepurityofservicedescriptionandreducetheclassificationaccuracy.Onthe
contrary,thosewordsthatarederivedfromtheupdatedtopic-wordmatrixwiththeconsideration
ofDel-Listarerecognizedaskeywords(Key-List),whicharetop-rankedateachservicecategory
distributionandraisetheclassificationaccuracy.Theresults(Del-ListandKey-List)obtainedfrom
theservicefeatureextractionarefedtothestageofservicefunctionalityaugmentation.

Inthestageofservicefunctionalityaugmentation,takingtheobtainedservicefeaturesasinputs,
theauthorsperformtwoparallelstepsofreductionandexpansionforenrichingoriginalwebservice
descriptions.Duringthereductionstep,accordingtotheelementsofDel-List,theauthorsmakea
removaloffunctionalitydescriptiononwebservices.Duringtheexpansionstep,awordembedding
modelWord2vecisfirstlearnedbytrainingthedatasetfromcollectedwebservices.Throughthe
model,utilityfunctionisappliedtomeasurethesemanticsimilaritydegreeamongdifferentwordsof
servicedescriptions.Then,theauthorsretainthosewordsfromKey-Listintheservicedescriptions
andexpandthembyselectingtheclosestwordsbasedonsemanticsimilaritycalculation.Bythe
augmentationofservicefunctionalitydescriptions,theauthorstransformtheoriginalwebservice
repositorytoanenrichedone,whichisfedastrainingsettothestageofserviceclassificationmodel
learning.
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Inthestageofserviceclassificationmodellearning,aserviceclassifierisfirstgeneratedby
trainingaugmentedwebservicerepositoryvialabeledprobabilistictopicmodelL-LDA.Then,a
servicefunctionalitydescriptionfromaserviceprovidertobeclassifiedisaugmentedinthesame
way.Finally,theauthorsapplytheserviceclassifiertorecommendacategory,whichwouldassist
theproviderinpublishingthewebservicetoanonlineservicemanagementplatform.

5. WeB SeRVICe CLASSIFICATIoN

Intermsofthethreestagesintheframeworkofwebserviceclassification,theauthorsdescribeeach
oftheminthissection.First,theauthorspresentelaboratetoextractthefeatureofservicetopics.
Second,theauthorspresenthowtoderiveawordembeddingmodelandaugmentservicefunctionality

Figure 1. The overall framework of the approach for web service classification
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description.Finally,theauthorsdescribehowtogeneratetheserviceclassifierbytrainingalabeled
probabilistictopicmodelbasedontheenrichedAPIservicerepository.

5.1. Service Topic Feature extraction
Inthissection,theauthorsfirstpresentgenerationprocessofprobabilistictopicdistributionfroman
APIservicerepository,basedonwhichtheauthorsanalyzethetopic-worddistributionandextract
servicetopicfeature.

5.1.1. Generating Service Probabilistic Topic Distribution
TheLabeledLatentDirichletAllocation(L-LDA)model(Blei,Ng,&Jordan,2003)isappliedto
calculate the topic features of the existing web services. Given an API service repository
ASR S SD C f=< >, , , , thereareasetofwebservices S s s s

m
= { , , ..., }

1 2
,asetofservicedescriptions

SD sd sd sd
m

= { , , ..., }
1 2

 and respective service description words sd w w
i i i
= { , , ...}

1 2

. The process of
generatingaword(Ramage,Hall,Nallapati,&Manning,2009)inservicedescriptionisillustrated
inFigure2,giventopic-wordDistributionandtext-topicdistribution.

Astheoppositeprocess,theprocessofgeneratingserviceprobabilistictopicdistributioncan
bedescribedasbelow.

Foreachservicetopic c C k l
k
∈ ≤ ≤ ( )1

Drawϕ
c
k

~ Dirichlet( )β ;

ForeachAPIservice s S
j
∈

Draw θ
j
~ Dirichlet( )α

Foreachw sd
i

∈

Drawaservicetopic z ~Multinomial
j

( )θ

Drawaservicedescriptionwordw ~Multinomial
z

( )ϕ

where l isthenumberofservicetopicsfromC andϕ
c
k

isthemultinomialdistributionoverwords

specifictoservicetopicc
k

and θ
j
isthemultinomialdistributionoverservicetopicsspecifictoan

API service s S
j
∈ . α  and β  are the prior parameters of Dirichlet distribution for θ

j
 and ϕ

c
k

,
respectively.

Figure 2. Graphical Labeled LDA model of generating service probabilistic topic distribution
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Togeneratetheserviceprobabilistictopicdistribution,itgoesthroughtwostepswhereGibbs
sampling(Heinrich,2008)isappliedtoinferthedesiredparameters θ andϕ ,includingsupervised
servicewordssamplinganditerativeupdatetraining.

Inthestepofsupervisedservicewordssampling,all thewordsfromservicedescriptionsin
SD sd sd sd

m
= { , , ..., }

1 2
areaccumulatedtogetherinaunifiedcollection.Sincelabeledtopicscorrespond

toAPIservicecategoriesC c c c
l

= { , , ..., }
1 2

,whensamplingaserviceword w thatappearsinasetof
servicedescriptions SD sd sd sd SD

i j k
' { , , ..., }= ⊆ , it is randomlysampled intoonlyasetof restricted

topicsC c c c C
i j k

' { , , ..., }= ⊆ thatareappliedtolabelthoseservicedescriptionsin SD ' .Forexample,
thereisaservicewordw appearinginthreeservicedescriptionsSD sd sd sd' { , , }=

1 2 3
.Thecorresponding

labelsofeachservicedescriptionin SD ' areC c c c' { , , }=
1 2 3

,respectively.Insuchcase,Theservice
wordw isonlyrandomlysampledintotherestrictedservicecategoriesC c c c' { , , }=

1 2 3
,whichisshown

inFigure3.
ItisobservedthattheservicewordssamplingprocessoftrainingL-LDAhasrestrictedservice

categories, instead of completely and randomly sampling of traditional LDA. Typically, it is a
supervisedtrainingprocesswhensamplingaservicedescriptionwordintoaservicecategory.Inthis
way,thesamplingprocesscanreachconvergencefasterthantraditionalLDA.

Figure 3. Supervised service words sampling process in L-LDA
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Inthestepofiterativeupdatetraining,oncecompletingoneroundofservicewordssupervised
sampling,theGibbssamplingmethodisusedforiterativelytrainingtheL-LDAmodel.Thesetwo
stepscontinuetobealternativelyperformeduntilitreachestheconvergenceconditionandoutputs
theestimatedparameters.Theiterativeupdatetrainingforserviceprobabilistic topicdistribution
worksbyselectingonedimensionoftheprobabilityvectoratatimeandsamplingthevaluesofthe
currentdimensionbasedonthevaluesofotherdimensions.Theaboveupdatetrainingprocessis
mainlyachievedbyGibbssamplingparameterestimation.

P C c C w p C c w w C w
i

i
i i

i

i
sc cw

= ∝ = = = ⋅¬ ¬

¬
( ) ( )

�� ��� �
, , , ˆ ˆθ ϕ  (1)

Theaboveistheprocessofresamplingthetopiccaccordingtothekeyworddistributionofother
wordsforwaftertherandomsamplingtopicofwhichisremoved.Theresulting θ̂

sc
and ϕ̂

cw
arethe

parameter estimatesof the twoDirichletposteriordistributionson topic-wordand service-topic.
AccordingtoDirichletparameterestimationformula,wecanget

ˆ

( )

,

( )

( )
θ

α

α
sc

s i

c

c

s

c

cc

C

n

n
= ¬

=

+

+∑ 1

, ˆ
( )

,

( )

,

( )
ϕ

β

β
cw

c i

w

w

c i

w

ww

sd

n

n
= ¬

¬=

+

+∑ 1

 (2)

Intheend,wecangetthederivedGibbssamplingupdateformulaas

P C c C w
n

n

n

n
i

i
s i

c

c

s

c

cc

C

c i

w

w

c i

= ∝
+

+

+
¬

¬

=

¬

¬

( )
∑

�� �
, *,

( )

( )

,

( )

,

(

α

α

β

1

ww

ww

sd ) +
=∑ β

1

 (3)

Hereα
c
andβ

w
arehyperparametersofthetwoDirichletposteriordistributions.Therightside

oftheformulaisactually p topic service p word topic( | ) * ( | ) ,whichrepresentsaprobabilitypathofservice
→topic→word.

AfterthetrainingonAPIservicerepositorybythetwosteps,thederivedL-LDAmodelgenerated
theestimatesoftwoparameters θ andϕ .Theycanbeformulatedasthefollowingtwomatrices.

M

s

s

p p

p p
s c

m

l

m ml m l

_

*

=













1 11 1

1

�

…

� � �

�

 (4)

M

c

c

p p

p p
c w

l

n

l ln l n

_

*

=













1 11 1

1

�

…

� � �

�

 (5)

whereM
s c_

istheservicedescriptionsandservicetopicsmatrix;M
c w_

istheservicetopicsand
servicewordsmatrix.
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5.1.2. Mining Service Topic Feature
AftertrainingtheoriginalAPIservicerepository ASR S SD C f�� �, , , ,theauthorsgeneratealabeled
LDAmodel,wheretwoprobabilisticdistributionsarederivedandrepresentedasservice-topicmatrix
Ms c_ andtopic-wordmatrixMc w_ .Especially,servicecategoriesC c c cl= { , , ..., }

1 2
areassigned

astopicsduringthelearningprocess.ToextracttopicfeaturefromthelearnedL-LDAmodel,the
authorstransformtheservicetopic-wordmatrixintoaweightedtopicdistributiontreewiththree
layers,whichisdefinedasbelowandillustratedinFigure4.

Definition 4 (Weighted Topic Distribution Tree). Given an API service repository
ASR S SD C f=< >, , , , the authors transform its learned service topic-word probabilistic distribution
matrixM

c w_
asathree-layerweightedtree,denotedasa4-tupleCW Tree D C W P_ , , ,=< > ,where

1. D representsthewholeserviceprobabilistictopicdistributionmodellocatedinthefirstlayer
ofthetree;

2. C c c c
l

= { , , ..., }
1 2

isthecollectionofallservicetopicslocatedinthesecondlayerofthetree;
3. W w w w

n
= { , , ..., }

1 2
isthecollectionofallwordsacrossservicedescriptionslocatedinthethree

layersofthetree;
4. P C P C P C P

l l
= { , , ..., }

1 1 2 2
� � � isthecollectionoftheprobabilisticdistributionofservicetopics

C onW ,where P wk C
i i

k

n

( | ) =
=

∑ 1
1

.

Asillustratedfromtheweightedtopicdistributiontree,manyleafnodeshavemultipleedges
fromtheiruppernodeswithhighprobabilities.Thatis,aservicefunc0074ionalitydescriptionword

Figure 4. The weighted service topic distribution tree transformed from L-LDA model
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hasbeendistributedacrossvarietiesofservicetopicswithtop-rankedprobability.Therefore,these
kindsofwordscannotreflecttheservicecategorycharacteristics.Onthecontrary,itdecreasesthe
purityofdifferentiating its topicfeatureofawebserviceandaffects theclassificationaccuracy.
Fromtheaboveobservation,theauthorsanalyzeandtraversetheweightedservicetopicdistribution
treetoextractservicetopicfeature,includingalistofredundantwordscalledDel-Listandalistof
keywordscalledKey-List.

To extract those redundant service description words, traversing the weighted service topic
distributiontreeonleafnodesisperformed.Whenaleafnodew W∈ passesthroughalargenumber
oftopics{ , , ..., }c c c C

i j k
⊆ withhighweightsfrom P C P C P C P

l l
= > > >{ , , ..., }

1 1 2 2
,itisextractedas

aredundantwordandprunedfromthetreebydeletingtheleafnodeanditscorrespondingedges
withuppernodes.Aftertheiterationsoftreetraversingandpruning,theauthorscangenerateallthe
redundantwordsinDel List w w

p q
− = { , , ...} Del-Listandanupdatedweightedservicetopicdistribution

tree.
WhenextractingtheservicetopicfeatureonkeywordsKey-List,theauthorstraversetheupdated

weightedservicetopicdistributiontreeonservicetopicnodesinthesecondlayer.Foreachservice
topicnodec C∈ ,thoseleafnodes { , , ..., }w w w W

i j k
⊆ thatareconnectedwithc andtheweightsof

their edges are ranked at Top-K are extracted as its keywords. Finally, the authors generate the
Key List C w w C w w C w w

l l
− = { { , , ...}, { , , , ...}, ..., { ,

1 1

1

1

2

2 2

1

2

2 1� � �
ll

2 , , ...}} byextractingallof thekeywords
ofservicetopics.

5.1.3. Service Functionality Augmentation
Inthissection,theauthorsfirstdescribetheprocessoftrainingawordembeddingmodel,whichisthen
leveragedtoaugmentservicefunctionalitydescriptionbasedontheextractedservicetopicfeature.

5.2. Training Word embedding Model of Service descriptions
Toexpanda serviceword fromanAPI functionalitydescription, themeasurementof similarity
distance between semantic representation vectors of two words is performed by a trained word
embeddingmodel.Specifically,theauthorstrainanintegratedservicerepositoryincludinglarge-
scaleAPIservicesandmashupservicescrawledfromProgrammableWebonlineserviceregistration
platform,wheremorethan18,000servicedescriptionsareaccumulatedasWord2vecmodeltraining
set.Afterthetraining,theauthorsderiveawordembeddingmodelcalledWord2vec(Mikolov,Chen,
Corrado,&Dean,2013).

ThegoalistoderiveanoptimumWord2vecneuralnetworkmodelthatgeneratesasemantic
representationvectorforaservicedescriptionwordafterfinishingthetrainingprocess.Traditionally,
therearetwowaystooptimizetheparametersofWord2vecmodel,includingWordBagstrategy
whichmeasuresthesemanticrepresentationvectorsoftargetwordsbythosewordsaroundthemand
Skip-Gramstrategywhichmeasuresthesemanticrepresentationvectorsforthesurroundingwords
startingfromthecurrentword.

Inthispaper,theauthorstakeadvantageofSkip-Gramstrategytocalculatejointprobability
betweenthevectorofaninputtargetservicewordandthevectorsofseveraloutputservicewords,
whichisusedtooptimizetheparametersoftheneuralnetworkandadjustwordvectoritself.Figure5
showstheevaluationofthesurroundingwords,wheretheinputtoSkip-Gramstrategyisthesemantic
representationvectorofthecurrentwordandtheoutputincludetheprobabilityofthosevectorsfor
thesurroundingwords.Thetrainingprocessisformulatedasbelow.

p w w
v v

v v
o t

w ww

W

wo wt

t

( | )
exp( )

exp( )

' '

'| |
=

=∑ 1

 (6)
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where p w w
o t

( | ) istheprobabilityofoutputwordw
o

givenatargetwordw
t

,W isthesetof
surroundingwordsspecifictow

t
, v and v ' aretheeigenvectorsoftheinputandoutputwords,

respectively.Bythecalculationofthecosinesimilaritybetweenthewordvectorsfromwebservice
description,theresultsoftheSkip-Gramstrategyarefedintoneuralnetworkforparametertraining.
Finally,theauthorscanderiveaWord2vecmodelfortheconversionfromawordtoitscorresponding
semanticrepresentationvectorthatisappliedforenrichingtheservicefunctionalitydescription.

5.2.1. Augmenting Service Functionality Description
GivenanAPIservicerepository ASR S SD C f=< >, , , ,theauthorsperformtwostepsforenriching
theservicedescriptionofeachAPIservice,includingservicedescriptionreductionandexpansion.
TheprocessofaugmentinganAPIservicedescriptionisillustratedinFigure6.

Duringthestepofservicedescriptionreduction,theauthorsdirectlyremovealloftheservice
wordsfromanAPIservicedescription,whicharematchedwiththeextractedredundantelements
Del List w w

p q
− = { , , ...} . For an API service s S∈ , its corresponding service description

sd w w
i j

= { , , ...}  includes a set of service description words. The authors partition these service
description words into two independent sets, where sd W W

d d
= ∪ ˆ  andW W

d d
∩ ˆ = ∅ . After the

partitioning,allofthewordsinW
d

aresubsumedinDel List− ,thentheauthorsgetW Del List
d
⊆ − .

Meanwhile,allofthewordsinW
d̂

havenointersectionwith Del List− ,whichleadstotheresult
W Del List
d̂
∩ − = ∅ .Finally,theauthorsprunealloftheelementsfromW

d
andgenerateareduced

APIservices ' withitsservicedescription sd ' ,wherehasthesameservicedescriptionwordswith
W
d̂

.

Figure 5. The evaluation of surrounding words by Skip-Gram strategy
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Duringthestepofservicedescriptionexpansion,theauthorschoosepartofthosewordsfrom
generatedservicedescription sd ' andaugmenttheirsemanticfunctionalitydescription.First,the
authorsselectacandidateservicedescriptionwordforexpansionwhenitissatisfiedbytheauthors’
enrichingstrategy.Itisdefinedasbelow.

Definition 5 (Service Word Expansion Selection).GivenareducedAPIservice s ' withits
s e r v i c e  d e s c r i p t i o n  sd '  a n d  e x t r a c t e d  k e y w o r d s
Key List C w w C w w C w w

l l
− = { { , , ...}, { , , , ...}, ..., { ,

1 1

1

1

2

2 2

1

2

2 1

� � �
ll

2

, , ...}} , itsservicecategorycanbecalculated
bytopicmappingfunction f .Supposethattheauthorshavec f s C

k
= ∈( ') .Bymatchingtheservice

categorywithKey List− ,theauthorsderiveasubsetofwordsW w w
k k k
= { , ,, ...}1 2 ,whichhasasetof

servicekeywordsspecifictoC
k

.Theconditionofservicewordselectionisthat,ifaserviceword
bothsatisfyw W

i d
∈ ˆ andw W

i k
∈ ,thenitisselectedtobeexpanded.

Byapplyingtheserviceexpansionselectionstrategytoeachw W
i d
∈

ˆ
,theauthorscanchoosea

setofservicewordsincludedin w W
i k
∈ ,whichisdenotedasW W W

d k dˆ

’

ˆ
= ∪ .Throughthelearned

Word2vecmodel,theauthorsmodeleachservicewordfrom w W
i d
∈

ˆ

’ aswordvector.Supposethat
awordvectorforw W

i d
∈

ˆ

’ isgeneratedandrepresentedasw u u u
i m
= { , , ..., }

1 2
,whileawordvector

Figure 6. The process of augmenting an API service description
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for a candidate word from training set is represented as w v v v
c m
= { , , ..., }

1 2
. Then the distance

calculationbetweentwoservicewordsw
i
andw

c
canbeperformedby

Dis w w u v
i c r rr

m
( , ) ( )= −

=∑
2

1
 (7)

Intermsofdistancecalculation,theclosestTop-Kwordsarechosenastheexpandedsetfora
servicewordw W

i d
∈ ˆ

’ .NotethatK canbedynamicallychangedaccordingtotheprobabilityofthe
worddistributed inC

k
.Asa result, all of the chosenwords for each serviceword w W

i d
∈ ˆ

’  are
accumulatedasW

e
andadded to theservice functionalitydescription.Bydoingso, the reduced

servicedescription sd ' isexpandedtoanaugmentedone sd '' .

5.2.2. Service Classification Model Learning
AftertheaugmentationforanoriginalAPIservicerepository ASR S SD C f=< >, , , ,theauthorshave
enrichedfunctionalitydescriptionsofwebservices,denotedasASR S SD C f' , ', ,=< > ,whereeachof
webservicedescription sd SD' '∈ isaugmentedrelevantto sd SD∈ .BasedontheaugmentedAPI
servicerepository,theauthorslearnalabeledprobabilistictopicmodelagainbyGibbssampling,
wherealloftheservicecategoriesarealsoassignedasthelabeledtopics.TheboostedL-LDAmodel
canbefurtherusedasoneofthecomponentsintheserviceclassifierwiththesupportofmoreprecise
probabilistictopicdistributions.

Whenaserviceprovidersubmitsaservicedescriptionr w w
r r

= { , , ...}
1 2

toberegisteredonaweb
servicemanagementplatform,aservicecategorycanbedeterminedwiththehighestprobabilitythat
isselectedoutofagreatnumberofprobabilistictopicdistributionsbyapplyingthelearnedservice
classification model. The generated classification is recommended to the service provider for
effectivelyandefficientlycompletingtheserviceregistrationprocess.Comparedwiththetraditional
serviceclassificationapproaches,theprominentadvantagesofthenovelserviceclassifierarelisted
asbelow.

1. Throughthestrategyofservicetopicfeatureextraction,itaccuratelyextractsthecrucialfeatures
ofwebservices.Moreover,thoseservicedescriptionwordsthatfrequentlyappearbutwithout
contribution to serviceclassificationare filteredout.However,mostexistingapproachesdo
notconsiderthereductionofthosewords,leadingtolowclassificationaccuracy.Bydoingso,
itprovidesabasisforservicefunctionaldescriptionaugmentationinAPIormashupservice
repository.

2. Applyingthesemanticaugmentationmechanismonservicetrainingset,itcanfurtherovercome
the shortcomingof insufficient servicedescription.However,most existing approaches still
lackofservicesemanticexpansion.Asaresult,thenovelclassifiercangeneratemoreaccurate
classificationfortheservicedeveloper.

3. Labeled-LDAasasupervisedprobabilistictopicmodelcanreachconvergencestateinashorter
periodoftimeduringthetrainingandupdatingprocess,comparedwithothermodels(e.g.,SVM,
LDA).Thefastresponsemakesitpossibleandpotentiallyapplicableforservicedevelopersto
exploitreal-timeservicecategoriesforonlineserviceregistration.

6. eXPeRIMeNTAL eVALUATIoN

Inthissection,theauthorsconductasetofexperimentsonlarge-scalerealservicedatasettovalidate
the accuracy and efficiencyof theproposed approach for classifyingweb services.The authors
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mainlyprovetheperformanceoftheproposedapproachintwoaspects.First,asthenumberofthe
servicesintrainingsetchanges,theauthorscomparetheserviceclassificationperformanceamong
SVM-basedapproach,LDA-SVMactivelearningapproach,theproposedtraditionalL-LDAbased
approach,andtheproposedimprovedL-LDAbasedapproach.Second,theauthorsinvestigatehowthe
settingofthoseparametersintheapproachinfluencestheperformanceofwebserviceclassification.

In experimental datasets, each API service mainly consists of three attributes: ApiName,
CategoryName and Service Description, while each mashup service mainly consists of four
attributes: MashupName, CategoryName, APIs and functionality Description. The authors use
functionalitydescriptionsfromallAPIservicesandmashupservicesasatrainingsettoderivethe
Word2vecembeddingmodel.Forserviceclassificationmodel learning, theauthorschoose3600
themostinformativeAPIservicesbelongedto8categoriesintotal,wherethenumberofservices
foreachcategoryrangesfrom229to827.TheselectedservicecategoriesincludeMapping,Social,
e-Commerce,Search,Tools,Messaging,VideoandFinancial.Thedatasetoftheselectedwebservices
forserviceclassificationlearningisshowninTable1.

6.1. experimental Settings and dataset
TheauthorsdevelopedaprototypesysteminJava.Itallowsaservicedevelopertosubmitaservice
withitsregistrationfunctionalitydescriptionasinput,andrecommendsaclassificationwithhighest
probabilityasoutputbyimplementingtwokindsofapproaches,includingatraditionalL-LDAbased
andanimprovedL-LDAbasedwebserviceclassification.Bydoingso,theauthorscanassistaservice
providereffectivelyandefficientlyfinishtheprocessofserviceregistrationonareal-worldservice
managementplatform,suchasProgrammableWeb.Meanwhile,twoexistingapproachesSVM-based
approach(Ames&Naaman,2007)andLDA-SVMactivelearningapproach(Lopez&Maldonado,
2016)areintegratedintheserviceclassificationsystem.TheauthorsrantheexperimentsonaPC
with Intel(R)core(TM) i5-5200Uprocessor2.20GHzand8GRAMinMicrosoftWindows10
operatingsystem.

Theauthorsdesignedand implementedawebcrawlerbyPython to collect13869 realweb
servicesand6254mashups fromProgrammableWeb (www.programmaleweb.com),which is the
largestRESTfulonlineserviceregistrationandmanagementplatform.Thereare400servicecategories
acrossalloftheAPIandmashupservices.Thedatadistributionsoncategoryanditscorresponding
numberofservicesareillustratedinFigure7.

Figure 7. The Data distributions on category and its corresponding number of web services
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Table 1. The dataset of the selected web services for service classification learning

Service 
category Mapping Social e-Commerce Search Tools Messaging Video Financial

Number of 
services 375 461 496 259 827 490 229 545

Figure 8. The experimental results of service classification among the four approaches

Table 2. The experimental results on each service category of the four approaches

Mapping Social e-Commerce Search Tools Messaging Video Financial

SVM 85.21 83.02 85.11 83.63 81.52 90.25 86.32 88.21

L-LDA 85.92 83.18 83.21 84.52 87.25 89.32 88.74 87.88

LDA+SVM 88.09 87.93 86.95 84.16 89.15 89.52 87.47 90.91

L-LDA+Word2vec 91.74 90.09 88.62 91.93 90.74 91.86 92.82 93.49
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6.2. Competitive Methods and Parameter Setting
TodemonstratetheperformanceoftheproposedtraditionalL-LDAbasedandimprovedL-LDAbased
serviceclassificationmethods,theauthorscomparewithanothertwocompetitivemethodswhichare
relatedwiththework.Theserviceclassificationofthecomparedfourmethodsisdescribedasbelow.

1. SVM-basedserviceclassificationmethod.Theauthorstreateachserviceasafeaturevectorusing
theTF-IDFalgorithm,wherethenumberoftermscanbeextractedfromallservicedescriptions
inAPIservicerepository.Then,theservicevectorsarefedasthetrainingdatatolearntheSVM
modelforserviceclassification.

2. LDA-SVMbasedserviceclassificationmethod.TheauthorsfirstusetheLDAmodeltoextractthe
featuresofwebservicesandtransformeachserviceintoanL-dimensionalvectorbyprobabilistic
topicdistributiononpredefinedlatenttopics,whereLisequaltothenumberofservicecategories.
Then,theauthorstaketheobtainedservicefeaturevectorsasinputsoftrainingdataandapply
theactive-learningstrategyforSVMmodellearning,whichleadstoaserviceclassifier.

3. TheproposedtraditionalL-LDAbasedserviceclassificationmethod.Theauthorsdirectlytake
advantageoflabeledprobabilistictopicmodelL-LDAastheserviceclassifier,whereservice
categoriesarefedaslatenttopicsduringthetrainingprocessbytheoriginalservicedescriptions.
AfterlearningtheL-LDAmodelasserviceclassifier,thetopicwiththehighestprobabilityis
recommendedastheserviceclassificationresultforcategoryregistration,whenaserviceprovider
submitsaservicefunctionalitydescription.

4. TheproposedimprovedL-LDAbasedserviceclassificationmethod.Unlikedirectlylearninga
L-LDAmodel,theauthorsfirstaugmentservicefunctionalitydescriptionsoftheoriginalAPI
servicerepositoryusingwordembeddingtechniques,whereiteliminatesthosewordsuncorrelated
withitscorrespondingservicetopicandenrichesthosewordshighlyreflectingitscorresponding
servicetopic.Then,theauthorstaketheaugmentedservicedescriptionsasinputsandlearna
morerobustL-LDAmodelasserviceclassifier.

6.3. experimental Results and Analysis
Theauthorsevaluatetheserviceclassificationperformancefromtheperspectiveofaccuracyand
convergencespeed.Figure8showstheexperimentalresultsofserviceclassificationamongthefour
approaches,includingthetwoproposedmethodsandanothercomparedtwomethods.

Furthermore,theauthorsalsoanalyzethedifferencesoftheclassificationresultsoneachservice
categoryofthefourmethodswhenthetrainingsetscaleis3000,whichissummarizedintheTable2.

Itisobservedfromtheaboveexperimentalresultsthattheauthors’methodachievesasuperior
accuracy of service classification compared to two competitive methods and the self-developed
method.SVM-basedmethodachievescomparativelylowserviceclassificationaccuracyasitmainly
exploitsTF-IDFalgorithmwhichonlyconsiders the syntactic levelon featureextractionamong
servicedescriptions.TheproposedtraditionalL-LDAmethodoutperformsSVM-basedmethodin
thatittakessemanticsintoaccountwhenextractingservicefeaturevectorwithlabeledtopics,where
thosewordsthatbelongtothesameservicecategoryaresemanticallygatheredintoatopic,causing
amoreaccurateserviceclassificationresult.

Moreover,LDA-SVMbasedmethodperformsbetterthantheprevioustwointhatitclassifiesweb
serviceswiththeconsiderationofcombiningsemanticfeatureextractionandactivelearningdriven
SVMlearning.TheproposedimprovedL-LDAmethodcanachievethebestserviceclassification
accuracy. It shows two advancements that makes the result superior: First, augmenting service
descriptionsmakethetrainingdatasetmoreaccuratelyrecognizedforclassifierlearning;Second,
labelledprobabilistictopicmodelisappliedtoboostthesemanticrelationshipsofservicedescription
words.
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Astotheefficiencyondifferentserviceclassificationmethods,theauthorstesttheconvergence
speedandthetrendofthefourtrainingmethodsasthedatasetbecomeslarger.Theexperimentalresults
areillustratedinFigure9.TheresultsprovethattheproposedL-LDAbasedmethodhasthebest
convergencespeed.Meanwhile,asthesizeofdatasetincreases,thegrowthtrendoftheconvergence
speedistheslowestamongthefourserviceclassificationmethods.

Inadditiontotheexperimentalresultswithcompetitivemethods,differentparametersettings
oftheproposedmethodaffecttheaccuracyofserviceclassification.Theauthorstestthenumberof
augmentedwordsspecifictoakeyword.Here,theauthorsfixthenumberofrunningiterationsof
trainingL-LDAmodelas30,andthenrangethenumberofaugmentedwordsfrom1to4.Figure
10 shows the experimental results of parameter infiuence of augmented words on classification
accuracy.Theexperimentalresultsareshownfromthreeaspects,includingtheexpansiononthe
trainingsetonly,onthetestsetonlyandonboththetrainingsetandtestsetatthesametime.From
theresults,theauthorsfindoutwhenthenumberofaugmentedwordsissetas2,ittendstoreach
thebestclassificationaccuracy.

7. CoNCLUSIoN

Inthispaper,theauthorsproposeanovelapproachtoaddresstheserviceclassificationproblem.The
keyideaisthatoriginalservicedescriptionsarereconstructedtoenrichthesemanticfeatureofweb
services.Itgoesthroughthreecrucialsteps:1)extractingservicetopicfeatures,whereredundant
elementsandkeywordsarerespectivelydetectedbymodelingandtraversingathree-layerweighted

Figure 9. The experimental results on convergence speed among the four approaches
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topicdistributiontree;2)augmentingservicefunctionalitydescriptions,whereaWord2vecword
embedding model is learned to perform keyword expansion and redundant elements are pruned
basedontheextractedservicetopicfeatures;3)learningserviceclassificationmodel,wherelabeled
probabilistictopicmodelisexploitedtotrainaserviceclassifierleveragingtheaugmentedAPIservice
repository.ComprehensiveexperimentsconductedonoriginalwebservicesfromProgrammableWeb
validatetheeffectivenessandefficiencyoftheproposedapproach.

In futurework, theauthorswillextend thisworkonmulti-label serviceclassification.They
explorehowtoaccuratelyrecommendmultiplecategoriesthataremorelikelyusedonareal-world
servicemanagementplatform,whereserviceprovidersarerequiredtosubmittheirregistrationby
selectingasequenceofservicecategories.
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