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Intr oduction

Emeging SemanticWeb standardgpromisethe automated
discovery, compositiorandinvocationof Web ServicesUn-
fortunately this vision requiresthat servicesdescribethem-
selves with large amountsof hand-craftedsemanticmeta-
data.

We are investigatingthe use of machinelearningtech-
niguesfor semi-automaticallglassifyingWeb Servicesand
their message$nto ontologies. From such semantically-
enrichedWSDL descriptionsit is straightforward to gen-
eratesigni cant partsof a services descriptionin OWL-S
or asimilarlanguage.

In this paper we rst introducean applicationfor an-
notatingWeb Serviceghatis currentlyunderdevelopment.
OurapplicationreadsWebServicedescriptiongrom WSDL
les andassistgheuserin annotatinghemwith classeand
propertiesfrom an ontologywritten in OWL. Our ultimate
goalis asemi-automatedpproachhatmakesuseof thema-
chinelearningalgorithmsdescribedn this paperto suggest
classi cationsto the user therebysimplifying the creation
of semantianetadata.

Second,we describethe applicationof the well known
Naive Bayesand SVM algorithmsto the task of Web Ser
vice classi cation. We shav thatanensemblepproactthat
treatsWeb Servicesas structuredobjectsis more accurate
thananunstructuregpproach.

Third, we discussthe dependenciebetweena Web Ser
vice's catgory andits operationandinput andoutputmes-
sagesWe brie y sketchpossibilitiesandchallengedgor the
classi cationtaskthatarisewhenconsideringhesedepen-
cies.

Finally, we describea probabilisticalgorithmfor learning
to assignsemantidabelsto input parametersBecausaNeb
Serviceswere not widely available at the time whenthese
experimentsveredone,we lookedat HTML formsinstead.
However, the describedechniquesrerelevantto Web Ser
vices.

ThreeSemanticTaxonomies

We begin by elaboratingon what we meanby semantic
metadata. To automaticallyinvoke a particular Web Ser
vice, metadatas neededto facilitate (at a minimum) the
discoverythata particularoperationof someparticularweb
Serviceis appropriateaswell asthe semanticmeaningof

eachoperationandeachinput/outputparameterFor exam-
ple,toinvokeanoperatiorthatqueriesanairline'stimetable,
the servicemustbe annotatedvith metadatandicatingthat
the operationdoesindeedrelateto airline timetablequery-
ing, andeachparametemustbe annotatedvith the kind of
datathat shouldbe supplied(departuredata, time and air-
port, destinatiorairport, returndate,numberof passengers,
etc).

Thegoalof ourresearchis to developalgorithmsfor clas-
sifying (accordingo someagreedntology)a Web Service,
eachof its operationsand eachoperations'input and out-
put messagesin particular we assumehreeontologiesfor
attachingsemantianetadatdo Web Services.

First,we assumea catggory taxonomyC. Thecateyory of
aWebServicedescribeshegenerakind of servicethatis
offered,suchas"“servicesrelatedto travel”, “information
provider” or “businesservices”.

Secondywe assumeadomaintaxonomyD. Domainscap-
ture the purposeof a speci ¢ serviceoperation,suchas

“searchingfor a book”, “ nding ajob”, “querying a air-
line timetable”,etc.

Third, we assumea datatypetaxonomyT. Datatypes
relatenot to low-level encodingissuessuchas “string”

or “integer”, but to the expectedsemanticcategory of a
eld' s data, suchas“book title”, “salary”, “destination
airport”, etc.

We do not advocatea new semantidanguagesuchasan
alternatve to OWL-S.Insteadwe believe thattheissueghat
areaddressedby our researchare more genericandwe do
notcommitto ary particularstandard.

Web Sewice Annotation Tool

The goal of our researchis to enable usersto semi-
automaticallyannotateMeb Services.We believe thatfully
automatediscovery andinvocationis still quite far in the
future andthat for several reasonst will be desirablethat
a humanis still in theloop. Also, unlike approachesuch
asOWL-S thataim for full semanticdescription,we keep
our approachsimple by focusingonly on the purpose,in-
putsandouputsof a service. We ignore preconditionsand
effectsaswell ascompositionaspectandrestrictthe view
to discovery andincovation. A screenshodf theapplication



we aredevelopingis shavn in Fig. 1. In our tool a WSDL
descriptionis parsedandthe useris shaovn thelist of oper
ationsand XML Schemaypes.Theusercanassignclasses
andpropertiesn anontologyto the Web Serviceitself and
its operationsparameterandcomples types.The ontology
canbe createdexternally andimportedusing DAML+OIL
or OWL.

The intendeduserfor this applicationis not necessarily
aWeb Servicecreator but ratheranadministratorthatoper
atesahubof Web Servicesuchasa UDDI registryor auser
wantingto integrateandinvoke severalWeb Services.

Initially, we have usedthis tool to generatdraining data
for our learningalgorithms. Eventually our learningalgo-
rithmswill sit “behind” our tool's userinterface,automati-
cally suggestingrobableclassi cations.

Relationsto OWL-S

However, our approachcan also complementexisting ef-
forts from the SemanticWeb community Our application
will complementools suchasthe“WSDL to OWL-S tool”
(Paoluccietal. 2003),which generatean OWL-S skeleton
from a WSDL-describedMeb Service. Note that this tool
dealsonly with the partsof OWL-S that canbe extracted
directly from the WSDL. Moreover, the semanticannota-
tionswe generatavould allow the Web Serviceto beplaced
into a pro le hierarchy Our tool also providesthe map-
ping from XSD typesto concepts. This will complement
toolsthatcreateXSL for usein the OWL-S Groundingout
of sucha mapping,like the DL-XML MapperWorkbench
(Peer2003).However, notethatour annotatiordoesnot ad-
dresstheissueof de ning compositeprocesses.

Web Service Category Classi cation

As describedn (HeR& Kushmerick2003),we treatthede-
terminationof a Web Services cateyory asatext classi ca-
tion problem,wherethe text comesfrom the Web Services
WSDL description. In someof the experimentswe have
alsousedplain text descriptionghatoccurin a UDDI reg-
istry or on a Web pagewherethe Web Serviceis described.
Unlike standardexts, WSDL descriptionsarehighly struc-
tured. Our experimentsdemonstrat¢hat selectingthe right
setof featuredrom this structuredext improvesthe perfor
manceof alearningclassi er.

To extracttermsfor our text classi cationalgorithms we
parsedthe port types, operationsand messagesrom the
WSDL andextractednamesaswell ascommentdrom vari-
ous<documentation> tags.We did notextractstandard
XML Schemadatatypesor informationsaboutthe service
provider. The extractedtermsfrom the WSDL aswell as
the termsthat camefrom the plain text descriptionswere
stemmedwith Porters algorithm,and a stop-word list was
usedto discardlow-informationterms.

Data sets

We usedtwo differentdatasetsfor our experiments. The
rst datasetis the samethatwe usedin (He3& Kushmer
ick 2003). For this dataset, we gathereda corpusof 424
Web Servicesfrom SALCentral.og, a Web Serviceindex.

Catagyory taxonomyC andnumberof servicedor eachcateyory

BUSINESS (22) COMMUNICATION (44)  CONVERTER (43)
COUNTRY INFO (62)  DEVELOPERS (34) FINDER (44)
GAMES (9) MATHEMATICS (10) MONEY (54)
NEws (30) WEB (39) discaded(33)

DomaintaxonomyD andnumberof formsfor eachdomain

SEARCHBOOK (44) FINDCOLLEGE (2)  SEARCHCOLLEGEBOOK (17)
QUERYFLIGHT (34) FINDJOB (23) FINDSTOCKQUOTE (9)

DatatypetaxonomyT (illustrative sample)

Address NAdults Airline Author
BookCode BookCondition BookDetails BookEdition
BookFormat BookSearchType  BookSubject BookTitle
NChildren City Class College
CollegeSubject ~ CompanyName Country Currency
DateDepart DateReturn DestAirport DestCity
Duration Email EmployeeLevel

Figure2: CateyoriesC, domainsD anddatatyped .

An assistantanuallyclassi ed theseWeb Servicesinto a
taxonomyC, seeFig. 2. Thispersonaresearctstudentith

no previous experiencewith Web Serviceswasadvisedto

adaptvely createnew cateyoriesherselfandwasallowedto

arrangehecateyoriesasahierarchy However, we usedonly
the 25 top level cateyories. We then discardedcategyories
with lessthanseveninstancesleaving 391 Web Servicesn

11 categoriesthat were usedin our experiments. The dis-
cardedWeb Servicestendedto be quite obscure suchasa
searchtool for a musicteachetin an areaspeci ed by ZIP

code.

The seconddatasetwascreatedaterwith our annotation
tool. In contrastto the old dataset, whereonly the cate-
gorieswereannotatedafull annotatiorof all operationsand
inputandoutputmessagewasdone.We selectedl64 Web
Servicesandarrangedhemwithin a hierarchywith only 5
top level cateyories(26 categoriesin total), forming a less
skaweddatasetin orderto gathera large setof similar ser
vices.Thecateory ontologyis shovnin Fig. 3. We created
thecategory ontologyoursehes.Four nal yearstudentsan-
notatedthe Web Servicess operationsmessageandtypes
overaperiodof four days.During thattime, thedomainand
datatypeontologiesevolved and the studentscreatednewn
classesandpropertiesasneeded.

From our seconddatasetwe usedonly the category an-
notationfor the experimentsin this section. We describe
preliminary experimentswith the domainand datatypean-
notationin the next section.However, unlike the taxonomy
from the rst datasetwe usednotonly the5 top level cate-
goriesfor our classi cationbut all 23 classe$n theontology
thatwere usedfor annotatingservices. Threeclassesvere
presentn theontologyasupperclassegor otherclasseshut
no servicewasannotatedvith them.

Experiments

With bothdatasetsve experimentedvith four bagsof words
each,denotedby A-D. The combinationof bagsof words
is marked in Fig. 4. We also usedcombinationsof these
bagsof words, wheree.g. C+D denotesa bag of words
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Figurel: Screenshoof our annotatiorapplication.

thatconsistof the description®f theinputandoutputmes-
sagesWe corvertedtheresultingbagof wordsinto afeature
vector for supervisedearning algorithms, with attributes
weightedbasedn simpletermfrequeng. We experimented
with more sophisticatedl FIDF-basedweighting schemes,
but they did notimprove theresults.

As learningalgorithms,we usedthe Naive Bayes,SVM
andHyperPipeslgorithmsasimplementedn Weka(Witten
& Frank1999). In our experimentsthe Naive Bayesalgo-
rithm wasgenerallyusedin a multi-classsetupusinga one-
against-allscheme. We combinedsereral classi ersin an
ensembléearningapproachEnsembldearneranake apre-
diction by voting togetherthe predictionsof several“base”
classi ersandareawell known machindearningtechnique,
e.g.(Dietterich2000).Ensembléearninghasbeenshovnin
avarietyof tasksto bemorereliablethanthebaseclassi ers:
thewholeis oftengreaterthanthe sumof its parts.To com-
bine two or more classi ers, we multiplied the con dence
valuesobtainedfrom the multi-classclassi er implementa-
tion. For somesettings,we tried weightingof thesevalues
aswell, but this did not improve the overall performance.
We denotea combinatiorof differentalgorithmsor different
featuresetsby slashesg.g. Naive Bayes(A/B+C+D) de-

notingtwo Naive Bayesclassi ers,onetrainedon the plain
text descriptiononly andonetrainedoneall termsextracted
from theWSDL.

We split our testsinto two groups.First, we tried to nd
the bestsplit of bagsof wordsusingthe termsdravn from
the WSDL only (bagsof words B-D). Theseexperiments
areof particularinterest,becausehe WSDL is usually au-
tomatically generatedexceptfor the occasionalcomment
tags),andthe termsthat canbe extractedfrom that are ba-
sically operationand parametenames.The resultsfor the
experimentswith the datafrom the WSDL only areshavn
in Fig. 5. Notethatwe did notuseary transmitteddata,but
only the parametedescriptionsandthe XML schemaSec-
ond,we look how the performancemproves,if we include
the plain text description(bag of wordsA). The resultsfor
theseexperimentsareshown in Fig. 6. Thevaluesshovnin
theseatwo diagramswvereobtainedwith the rst dataset.

Evaluation

We evaluatedhedifferentapproachessingaleave-one-out
method. Our resultsshow that the “obvious” approachof
using one big bag of words that containseverything (i.e.
A+B+C+D for WSDL anddescriptionspr B+C+D for the
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WSDL-only tests)generallyperformsworst. Theseclassi-

ers donot performbetterthanclassi ersthataretrainedon
only oneof theB, C or D bagsof words.We includedthese
classi ersin Figs.5, 6, 7 and8 asbaselines.

Ensembleapproachesvherethe bagsof words are split
generallyperformbetter This is intuitive, becauseve can
assume certaindegreeof independencbetweerfor exam-
plethetermsthatoccurin theplaintext descriptionandthe
termsthatoccurin the WSDL description.

The A bagof wordscontainingthe plain text description
of theserviceis anexeption.A classi er trainedon this bag
of wordsaloneperformssigni cantly betterthanary single
classi er trainedon one of the otherbagsof words. This
is also intuitive, becausene can assumethat a plain text
descriptionof a Web Services capabilitiescontainsmore
informationthanfor examplealist of its operatiornames.

When is EnsemblelLearning appropriate?

Ourexperimentswith thesecondiataseshov thatensemble
learningis mostappropriatewhen we can createdifferent
viewsonalearningproblemthatleadto classi ersthatyield
aboutthe sameperformancesach.

Whenwe look at the performanceof a SVM classi er
thatonly usesoneof theB, C or D bagsof words,we nd
out that eachindividual classi er hasa performanceof be-
tween38%and44%accurag, asshovnin Fig. 7. Whenwe
combinethesethreeclassi ersin anensembleasdescribed
abore weincreasdaheaccurag to 50%.

If we assumehat eachof the threeindividual classi ers
is affectedby randomnoisethenit is straightforvardto see
thatary ensemblébasedon voting will improve the result,
becausehe noiserarely effectsall threeviews onthe same
instance.Thus,an errorin oneof the views is levelled out
by thetwo otherviews.

Having this in mind, it is also clear why this approach
doesnot always work well when one single view outper
formstheotherviews. In ourexample thisis thecaseor the
Naive Bayesclassi er thatusesthe A bagof words,shovn
in Fig. 8.

A Naive Bayesclassi er usingonly this view achievesan
accurag of over 64%. Any ensemblehat combinesthis
view with otherviews thatperformsworseleadsto areduc-
tion of performanceAgain, whenwe assumehattheoutput
of the classi ersis affectedby a noisefunction, we seean
explanationfor this effect: If someof the classi ersaresig-
ni cantly moreaffectedby noise,thenvoting togethertwo
classi ers will not level out the noise, but ratherwill the
noiseinadwertentlyaffect the classi er that by itself would
performbetter

This effect canalsobe seenin the rst datasetalthough
not asstrongasin the second.In the rst dataseta Naive
Bayesclassi er usingonly the plain text descriptionscores
only slightly worsethanthe bestensemble.In the second
dataseta Naive Bayesclassi er using only the plain text
performsevenbetterthanarny ensemble.

However, this is not a strict rule. As shovn in Fig. 7, the
performanceof the SVM ensembleclassi er still increases
evenif we addthe plain text descriptionsalthoughalsofor

SVM a single classi er trainedon the A bag of wordsis
moreaccuratehanary othersingleclassi er.

Results

A userwould alsosave a considerablemountof work if he
or sheonly hadto choosebetweena small numberof pre-
dicted categories. For this reasonwe alsoreportthe accu-
racy whenwe allow nearmissesFigs.5 and6 shav how the
classi ersimprove whenwe increasehis tolerancethresh-
old. For our bestclassi er, thecorrectcatagoryis in thetop
3 predictions82%of thetime.

Classi ying Web Sewice Domainsand
Datatypes

A fundamentabssumptiorbehindour work is thatthereare
interdependenciebetweena Web Services categyory, and

the domainsand datatypesof its operations. For exam-

ple, a Web Servicein the “servicesrelatedto travel” cate-
goryis likely to supportanoperatiorfor “booking anairline

ticket”, andan operationfor “ nding ajob” is likely to re-

quire a “salary requirement"asinput. Relationallearning
algorithms,such as thosecomparedin (Neville & Jensen
2003),addresghis problem.In our currentandfuturework,

we are developingan algorithmto combineevidencefrom

all sourcesand make predictionsfor all threetaxonomies
at the sametime. Preliminaryexperimentssuggesthatthe

domainof an operationandthe datatypef its inputsand

outputscanbeclassi ed asaccuratelyasthe catejories.

Domain Classi cation

We testedan SVM classi er onthe operationsandtheir do-
mainsfrom ourdatasetThisdatasetontainsl138instances
in 136classesAlthough136classess aratherhighnumber
for atext classi cationtaskandalthoughmostof the oper
ationsareundocumentedndthusthe operationrnameis the
only text sourcetheclassi er performedastonishinglywell.

We evaluated the classier using a 10-fold cross-
validationscheme.The accurag is 86.9%andthe macro-
averaged~1-measurés 0.75. Notethatthe classi er in this
experimentperforms much better than the cateyory clas-
si er, althoughone might think that the problemis much
harder

Datatype Classi cation

We also testeda SVM classi er on the datatypedrom a
Web Services inputs and outputs. Due to the large num-
ber of 1854 instancesand 312 classeswve evaluatedthese
classi ersby usinga percentage-splitnethod. We split our

datasetrandomlyinto a 66% training setand a 34% test
set. The SVM classi er achiered an accurag of 62.14%,
but a macro-aeraged-1-measuref only 0.34. Thereason
for the low F1 is thatthe datasetis highly skewed. Many

WebServicegequirea“Username’anda“Passvord” asin-

put, while only very few Web Servicesrequirea “Weather
Station Code”. We believe, however, that this is a prob-
lem thatcaneffectively be addressetdy exploiting therela-
tionsbetweerdomainsanddatatypesAn operatiorfrom the
“QueryWeather"domainis verylik ely to requirea“Weather
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StationCode”asinput, while anoperationfrom anotherdo-
mainwill almostcertainlynot. The next two sectionswill
explainthisideain greaterdetail.

Using the Domain to Classify the Category

We carriedout a preliminary experimentto testif we can
exploit the dependeng betweendomainand cateyory in a
directway. We traineda classi er on the domainsof a Web
Servicesoperationsandlet it predictthe services cateyory.

We evaluatedheresultusingtheleave-one-outethod.The
Naive Bayesclassi er trainedon this dataachievedanaccu-
racy of 86.0%(a SVM classi erachiezed 73.1%).Notethat
aNaive Bayesclassi erthatis trainedonthetextual descrip-
tion of aWeb Serviceachiezesonly a64.0%accurag (SVM

54.3%).A Web Servicesoperationsdomainsarethusabet-
terindicatorto the Web Services catgyory thana plain text

description.

Although of coursethe operations domainsare usually
unknowvn aswell asthe category, this experimentsuggests
thatthe dependencieletweerdomainandcategory canin-
deedbe exploitedin a simplemanner Our futurework is to
explorethis area.We treatthe taskasa multi-view learning
problemwherethe differentviews areinterconnected We
arecurrentlydevelopinganiterative approacho learninga
classi erfor interconnectednulti-view tasks.

Thebasicideais thattheresultof theclassi cationof the
domainwill, in the next iteration,affecttheclassi cationof
the categgory andthe datatypesandvice-versa.

Having seenthat a classi er trainedon the domainsis a
betterpredictorfor the category thana classi er trainedon
the category's dataitself, we believe that this approachs
very promising.

Web Form Classi cation

As describedabore, we have not yet fully exploredthe po-
tential of the depenciebetweendomainand datatypewith
our newn dataset. However, in our older experimentswith
Web forms (Kushmerick2003), we exploited this connec-
tion by using a Bayesiannetwork as illustratedin Fig. 9.
A BayesianNetwork is a causalgraph. The edgesof the
graphindicateconditionalprobabilitiesbetweenrentities,or
the ow of evidence. The learningtaskis to estimatethe

parametersf the stochastigeneratie modelfrom a setof
trainingdata.

Given such a Bayesiannetwork, classifyinga form in-
volvessettingthe probability for eachterm andthencom-
puting the maximum-likelihood form domain and eld
datatypegonsistentvith thatevidence.

We have evaluatedour approactusingacollectionof 129
Web forms comprising656 elds in total, for an average
of 5.1 elds/form. As shawn in Fig. 2, the domaintaxon-
omy D usedin our experimentsontainst domainsandthe
datatypegtaxonomyT comprises/1 datatypes.

The forms were manually gatheredby browsing Web
formsindicessuchaslInvisibleWehcomfor relevantforms.
Eachform wastheninspectedy handto assigradomainto
theform asawhole,anda datatypeo each eld.

To extract the termsfor the classi cation algorithm the
raw HTML was postprocesseth variousways. Roughly
termsoccuringin theHTML wereassociatedvith the near
estinput eld in theform. Notethatthis stepmaygenerate
noisytrainingdatathatwould not affect the algorithmif ap-
pliedto Web Services.

For domainprediction,our algorithmhasan F1 scoreof
0.87 while the baselinescores0.82. For datatypepredic-
tion, our algorithmhasan F1 scoreof 0.43while the base-
line scores0.38. We concludethat our “holistic” approach
to form and eld predictionis moreaccuratehana greedy
baselineapproactof makingeachpredictionindependently

Discussion

Futur e Work

We are currently extendingour classi cation algorithmsin
severaldirections. Our approachegynorevaluablesources
of evidence—suclasthe actualdatapassedo/from a Web
Service—andt would beinterestingo incorporatesuchev-
idenceinto our algorithms. Our algorithmscould be ex-
tendedin a numberof ways, suchasusingstatisticalmeth-
odssuchaslatentsemanticanalysisaswell asthesauriike
WordNet.

We ervisionasinglealgorithmthatincorporateshe cate-
gory, domain,datatypeandtermevidence.To classifyall the
operationaandinputsof a Web Serviceat the sametime, a
Bayesiametwork liketheonein Fig. 9 couldbeconstructed



Pr[SEARCHBOOK] = 0.51
Pr[QUERYFLIGHT] = 0.28
Pr[FINDCOLLEGE] = 0.03

Pr[BookTitle | SEARCHBOOK] = 0.42
Pr[Airport | SEARCHBOOK] = 0.001
r[BookTitle | QUERYFLIGHT] = 0.001
Pr[Alrport | QUERYFLIGHT] = 0.73
datatype, datatype, datatype,

Prtit1e | BookTitle] = 0.39
Pr[tit1e | DestAirport] = 0.02
Pr[city | BookTitle] = 0.01
Pr[city | DestAirport] = 0.47

Figure9: The Bayesiametwork usedto classifya Webform containingthree elds.

for eachoperation,and then a higherlevel cateyory node
could be introducedwhosechildren are the domainnodes
for eachof the operations.

Ultimately, our goalis to develop enablingtechnologies
that could allow for the semi-automatigeneratiorof Web
Servicesmetadata We would like to useour techniquego
developatoolkit thatemitsmetadataonformingto Seman-
tic WebstandardsuchasOWL-S.

Conclusions

The emepging Web Servicesprotocols representexciting
new directionsfor theWeb,but interoperabilityrequireshat
eachservicebe describedby a large amountof semantic
metadatd'glue”. We have presentedapproacheso auto-
matically generatingsuch metadataand evaluatedour ap-
proache®n acollectionof Web Servicesandforms.

Althoughwe arefar from beingableto automaticallycre-
atesemantianetadatawe believe thatthemethodswe have
presentedherearea reasonablerst step. Our preliminary
resultsindicatethatsomeof therequiredsemantianetadata
canbesemi-automaticallgeneratedisingmachindearning
techniques.
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