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Intr oduction
Emerging SemanticWeb standardspromisethe automated
discovery, compositionandinvocationof WebServices.Un-
fortunately, this vision requiresthatservicesdescribethem-
selves with large amountsof hand-craftedsemanticmeta-
data.

We are investigatingthe useof machinelearning tech-
niquesfor semi-automaticallyclassifyingWebServicesand
their messagesinto ontologies. From suchsemantically-
enrichedWSDL descriptions,it is straightforward to gen-
eratesigni�cant partsof a service's descriptionin OWL-S
or a similar language.

In this paper, we �rst introducean applicationfor an-
notatingWeb Servicesthat is currentlyunderdevelopment.
OurapplicationreadsWebServicedescriptionsfrom WSDL
�les andassiststheuserin annotatingthemwith classesand
propertiesfrom an ontologywritten in OWL. Our ultimate
goalis asemi-automatedapproachthatmakesuseof thema-
chinelearningalgorithmsdescribedin this paperto suggest
classi�cationsto the user, therebysimplifying the creation
of semanticmetadata.

Second,we describethe applicationof the well known
Naive BayesandSVM algorithmsto the taskof Web Ser-
viceclassi�cation.Weshow thatanensembleapproachthat
treatsWeb Servicesasstructuredobjectsis moreaccurate
thananunstructuredapproach.

Third, we discussthe dependenciesbetweena Web Ser-
vice'scategoryandits operationsandinputandoutputmes-
sages.We brie�y sketchpossibilitiesandchallengesfor the
classi�cationtaskthatarisewhenconsideringthesedepen-
cies.

Finally, wedescribeaprobabilisticalgorithmfor learning
to assignsemanticlabelsto input parameters.BecauseWeb
Serviceswerenot widely availableat the time whenthese
experimentsweredone,we lookedat HTML formsinstead.
However, thedescribedtechniquesarerelevantto WebSer-
vices.

Thr eeSemanticTaxonomies
We begin by elaboratingon what we meanby semantic
metadata. To automaticallyinvoke a particularWeb Ser-
vice, metadatais neededto facilitate (at a minimum) the
discoverythataparticularoperationof someparticularWeb
Serviceis appropriate,aswell asthe semanticmeaningof

eachoperationandeachinput/outputparameter. For exam-
ple,to invokeanoperationthatqueriesanairline'stimetable,
theservicemustbeannotatedwith metadataindicatingthat
theoperationdoesindeedrelateto airline timetablequery-
ing, andeachparametermustbeannotatedwith thekind of
datathat shouldbe supplied(departuredata,time andair-
port, destinationairport,returndate,numberof passengers,
etc).

Thegoalof our researchis to developalgorithmsfor clas-
sifying (accordingto someagreedontology)aWebService,
eachof its operations,andeachoperations'input andout-
put messages.In particular, we assumethreeontologiesfor
attachingsemanticmetadatato WebServices.

� First,weassumeacategorytaxonomyC. Thecategoryof
aWebServicedescribesthegeneralkind of servicethatis
offered,suchas“servicesrelatedto travel”, “information
provider” or “businessservices”.

� Second,weassumeadomaintaxonomyD. Domainscap-
ture the purposeof a speci�c serviceoperation,suchas
“searchingfor a book”, “�nding a job”, “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 semanticlanguage,suchasan
alternativeto OWL-S.Instead,webelievethattheissuesthat
areaddressedby our researcharemoregenericandwe do
notcommitto any particularstandard.

WebServiceAnnotation Tool
The goal of our researchis to enable users to semi-
automaticallyannotateWebServices.We believe that fully
automateddiscovery andinvocationis still quite far in the
future andthat for several reasonsit will be desirablethat
a humanis still in the loop. Also, unlike approachessuch
asOWL-S that aim for full semanticdescription,we keep
our approachsimpleby focusingonly on the purpose,in-
putsandouputsof a service. We ignorepreconditionsand
effectsaswell ascompositionaspectsandrestricttheview
to discoveryandincovation.A screenshotof theapplication



we aredevelopingis shown in Fig. 1. In our tool a WSDL
descriptionis parsedandtheuseris shown the list of oper-
ationsandXML Schematypes.Theusercanassignclasses
andpropertiesin anontologyto theWebServiceitself and
its operations,parametersandcomplex types.Theontology
canbe createdexternally andimportedusingDAML+OIL
or OWL.

The intendeduserfor this applicationis not necessarily
a WebServicecreator, but ratheranadministratorthatoper-
atesahubof WebServicessuchasaUDDI registryor auser
wantingto integrateandinvokeseveralWebServices.

Initially, we have usedthis tool to generatetrainingdata
for our learningalgorithms. Eventually, our learningalgo-
rithms will sit “behind” our tool's userinterface,automati-
cally suggestingprobableclassi�cations.

Relationsto OWL-S
However, our approachcan also complementexisting ef-
forts from the SemanticWeb community. Our application
will complementtoolssuchasthe“WSDL to OWL-S tool”
(Paolucciet al. 2003),which generatesanOWL-S skeleton
from a WSDL-describedWeb Service. Note that this tool
dealsonly with the partsof OWL-S that can be extracted
directly from the WSDL. Moreover, the semanticannota-
tionswegeneratewouldallow theWebServiceto beplaced
into a pro�le hierarchy. Our tool also provides the map-
ping from XSD typesto concepts. This will complement
tools thatcreateXSL for usein theOWL-S Groundingout
of sucha mapping,like the DL-XML MapperWorkbench
(Peer2003).However, notethatourannotationdoesnotad-
dresstheissueof de�ning compositeprocesses.

WebService CategoryClassi�cation
As describedin (Heß& Kushmerick2003),we treatthede-
terminationof a WebService'scategory asa text classi�ca-
tion problem,wherethetext comesfrom theWebService's
WSDL description. In someof the experimentswe have
alsousedplain text descriptionsthatoccurin a UDDI reg-
istry or on a WebpagewheretheWebServiceis described.
Unlike standardtexts, WSDL descriptionsarehighly struc-
tured. Our experimentsdemonstratethatselectingtheright
setof featuresfrom this structuredtext improvestheperfor-
manceof a learningclassi�er.

To extracttermsfor our text classi�cationalgorithms,we
parsedthe port types, operationsand messagesfrom the
WSDL andextractednamesaswell ascommentsfrom vari-
ous<documentation> tags.Wedid notextractstandard
XML Schemadatatypesor informationsaboutthe service
provider. The extractedtermsfrom the WSDL aswell as
the termsthat camefrom the plain text descriptionswere
stemmedwith Porter's algorithm,anda stop-word list was
usedto discardlow-informationterms.

Data sets
We usedtwo differentdatasetsfor our experiments. The
�rst datasetis thesamethatwe usedin (Heß& Kushmer-
ick 2003). For this dataset,we gathereda corpusof 424
Web Servicesfrom SALCentral.org, a Web Serviceindex.

Category taxonomyCandnumberof servicesfor eachcategory
BUSINESS (22) COMMUNICATION (44) CONVERTER (43)
COUNTRY INFO (62) DEVELOPERS (34) FINDER (44)
GAMES (9) MATHEMATICS (10) MONEY (54)
NEWS (30) WEB (39) discarded(33)

DomaintaxonomyD andnumberof formsfor eachdomain
SEARCHBOOK (44) FINDCOLLEGE (2) SEARCHCOLLEGEBOOK (17)
QUERYFLIGHT (34) FINDJOB (23) FINDSTOCKQUOTE (9)

DatatypetaxonomyT (illustrativesample)
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: CategoriesC, domainsD anddatatypesT .

An assistantmanuallyclassi�ed theseWeb Servicesinto a
taxonomyC, seeFig.2. Thisperson,aresearchstudentwith
no previous experiencewith Web Services,wasadvisedto
adaptively createnew categoriesherselfandwasallowedto
arrangethecategoriesasahierarchy. However, weusedonly
the 25 top level categories. We then discardedcategories
with lessthanseveninstances,leaving 391WebServicesin
11 categoriesthat wereusedin our experiments.The dis-
cardedWeb Servicestendedto be quite obscure,suchasa
searchtool for a musicteacherin an areaspeci�ed by ZIP
code.

Theseconddatasetwascreatedlaterwith ourannotation
tool. In contrastto the old dataset, whereonly the cate-
gorieswereannotated,afull annotationof all operationsand
input andoutputmessageswasdone.We selected164Web
Servicesandarrangedthemwithin a hierarchywith only 5
top level categories(26 categoriesin total), forming a less
skeweddatasetin orderto gathera largesetof similar ser-
vices.Thecategoryontologyis shown in Fig. 3. Wecreated
thecategoryontologyourselves.Four�nal yearstudentsan-
notatedtheWeb Services's operations,messagesandtypes
overaperiodof four days.Duringthattime,thedomainand
datatypeontologiesevolved and the studentscreatednew
classesandpropertiesasneeded.

From our seconddatasetwe usedonly the category an-
notationfor the experimentsin this section. We describe
preliminaryexperimentswith the domainanddatatypean-
notationin thenext section.However, unlike thetaxonomy
from the�rst dataset,we usednot only the5 top level cate-
goriesfor ourclassi�cationbut all 23classesin theontology
that wereusedfor annotatingservices.Threeclasseswere
presentin theontologyasupperclassesfor otherclasses,but
noservicewasannotatedwith them.

Experiments
With bothdatasetsweexperimentedwith 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



Figure1: Screenshotof our annotationapplication.

thatconsistsof thedescriptionsof theinputandoutputmes-
sages.Weconvertedtheresultingbagof wordsinto afeature
vector for supervisedlearning algorithms,with attributes
weightedbasedonsimpletermfrequency. Weexperimented
with more sophisticatedTFIDF-basedweightingschemes,
but they did not improvetheresults.

As learningalgorithms,we usedthe Naive Bayes,SVM
andHyperPipesalgorithmsasimplementedin Weka(Witten
& Frank1999). In our experimentsthe Naive Bayesalgo-
rithm wasgenerallyusedin a multi-classsetupusinga one-
against-allscheme.We combinedseveral classi�ers in an
ensemblelearningapproach.Ensemblelearnersmakeapre-
diction by voting togetherthepredictionsof several “base”
classi�ersandareawell knownmachinelearningtechnique,
e.g.(Dietterich2000).Ensemblelearninghasbeenshown in
avarietyof tasksto bemorereliablethanthebaseclassi�ers:
thewholeis oftengreaterthanthesumof its parts.To com-
bine two or moreclassi�ers, we multiplied the con�dence
valuesobtainedfrom themulti-classclassi�er implementa-
tion. For somesettings,we tried weightingof thesevalues
aswell, but this did not improve the overall performance.
Wedenoteacombinationof differentalgorithmsor different
featuresetsby slashes,e.g. Naive Bayes(A/B+C+D) de-

notingtwo Naive Bayesclassi�ers,onetrainedon theplain
text descriptiononly andonetrainedoneall termsextracted
from theWSDL.

We split our testsinto two groups.First, we tried to �nd
thebestsplit of bagsof wordsusingthe termsdrawn from
the WSDL only (bagsof wordsB–D). Theseexperiments
areof particularinterest,becausetheWSDL is usuallyau-
tomatically generated(except for the occasionalcomment
tags),andthe termsthat canbe extractedfrom that areba-
sically operationandparameternames.The resultsfor the
experimentswith thedatafrom theWSDL only areshown
in Fig. 5. Notethatwe did notuseany transmitteddata,but
only theparameterdescriptionsandtheXML schema.Sec-
ond,we look how theperformanceimproves,if we include
theplain text description(bagof wordsA). The resultsfor
theseexperimentsareshown in Fig. 6. Thevaluesshown in
thesetwo diagramswereobtainedwith the�rst dataset.

Evaluation

Weevaluatedthedifferentapproachesusinga leave-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 anddescriptions,or B+C+D for the



Figure3: CategoriesCfor theseconddataset

SALCentral / UDDI

A

WSDL

B

Message Descriptions

DC

Service Description

WSDL Service

Port Type More Port Types

Operation More Operations

OutputInputFault

Figure4: Text structurefor our WebServicecorpus.



WSDL-only tests)generallyperformsworst. Theseclassi-
�ers donotperformbetterthanclassi�ersthataretrainedon
only oneof theB, C or D bagsof words.We includedthese
classi�ersin Figs.5, 6, 7 and8 asbaselines.

Ensembleapproacheswherethe bagsof wordsaresplit
generallyperformbetter. This is intuitive, becausewe can
assumeacertaindegreeof independencebetweenfor exam-
ple thetermsthatoccurin theplain text descriptionsandthe
termsthatoccurin theWSDL description.

TheA bagof wordscontainingtheplain text description
of theserviceis anexeption.A classi�er trainedon this bag
of wordsaloneperformssigni�cantly betterthanany single
classi�er trainedon oneof the other bagsof words. This
is also intuitive, becausewe can assumethat a plain text
descriptionof a Web Service's capabilitiescontainsmore
informationthanfor examplea list of its operationnames.

When is EnsembleLearning appropriate?

Ourexperimentswith theseconddatasetshow thatensemble
learningis most appropriatewhen we can createdifferent
viewsonalearningproblemthatleadto classi�ersthatyield
aboutthesameperformanceeach.

When we look at the performanceof a SVM classi�er
thatonly usesoneof theB, C or D bagsof words,we �nd
out thateachindividual classi�er hasa performanceof be-
tween38%and44%accuracy, asshown in Fig. 7. Whenwe
combinethesethreeclassi�ersin anensembleasdescribed
abovewe increasetheaccuracy to 50%.

If we assumethateachof the threeindividual classi�ers
is affectedby randomnoisethenit is straightforwardto see
that any ensemblebasedon voting will improve the result,
becausethenoiserarelyeffectsall threeviews on thesame
instance.Thus,an error in oneof theviews is levelledout
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 thecasefor the
Naive Bayesclassi�er thatusestheA bagof words,shown
in Fig. 8.

A NaiveBayesclassi�er usingonly thisview achievesan
accuracy of over 64%. Any ensemblethat combinesthis
view with otherviews thatperformsworseleadsto a reduc-
tion of performance.Again,whenweassumethattheoutput
of the classi�ers is affectedby a noisefunction, we seean
explanationfor this effect: If someof theclassi�ersaresig-
ni�cantly moreaffectedby noise,thenvoting togethertwo
classi�ers will not level out the noise,but ratherwill the
noiseinadvertentlyaffect the classi�er that by itself would
performbetter.

This effect canalsobe seenin the �rst dataset,although
not asstrongasin the second.In the �rst dataset,a Naive
Bayesclassi�er usingonly theplain text descriptionscores
only slightly worsethan the bestensemble.In the second
dataset,a Naive Bayesclassi�er using only the plain text
performsevenbetterthanany ensemble.

However, this is not a strict rule. As shown in Fig. 7, the
performanceof theSVM ensembleclassi�er still increases
evenif we addtheplain text descriptions,althoughalsofor

SVM a single classi�er trainedon the A bag of words is
moreaccuratethanany othersingleclassi�er.

Results
A userwouldalsosave aconsiderableamountof work if he
or sheonly hadto choosebetweena small numberof pre-
dictedcategories. For this reason,we alsoreporttheaccu-
racy whenweallow nearmisses.Figs.5 and6 show how the
classi�ers improve whenwe increasethis tolerancethresh-
old. For our bestclassi�er, thecorrectcategory is in thetop
3 predictions82%of thetime.

Classi�ying WebService Domainsand
Datatypes

A fundamentalassumptionbehindourwork is thatthereare
interdependenciesbetweena Web Service's category, and
the domainsand datatypesof its operations. For exam-
ple, a Web Servicein the “servicesrelatedto travel” cate-
gory is likely to supportanoperationfor “bookinganairline
ticket”, andan operationfor “�nding a job” is likely to re-
quire a “salary requirement”as input. Relationallearning
algorithms,suchas thosecomparedin (Neville & Jensen
2003),addressthisproblem.In ourcurrentandfuturework,
we aredevelopingan algorithmto combineevidencefrom
all sourcesand make predictionsfor all threetaxonomies
at thesametime. Preliminaryexperimentssuggestthat the
domainof an operationandthe datatypesof its inputsand
outputscanbeclassi�edasaccuratelyasthecategories.

Domain Classi�cation
We testedanSVM classi�er on theoperationsandtheir do-
mainsfrom ourdataset.Thisdatasetcontains1138instances
in 136classes.Although136classesis aratherhighnumber
for a text classi�cationtaskandalthoughmostof theoper-
ationsareundocumentedandthustheoperationnameis the
only text source,theclassi�er performedastonishinglywell.

We evaluated the classi�er using a 10-fold cross-
validationscheme.The accuracy is 86.9%andthe macro-
averagedF1-measureis 0.75. Notethattheclassi�er in this
experimentperformsmuch better than the category clas-
si�er , althoughone might think that the problemis much
harder.

DatatypeClassi�cation
We also testeda SVM classi�er on the datatypesfrom a
Web Service's inputs and outputs. Due to the large num-
ber of 1854 instancesand 312 classeswe evaluatedthese
classi�ersby usinga percentage-splitmethod.We split our
datasetrandomly into a 66% training set and a 34% test
set. The SVM classi�er achieved an accuracy of 62.14%,
but a macro-averagedF1-measureof only 0.34. Thereason
for the low F1 is that the dataset is highly skewed. Many
WebServicesrequirea“Username”anda“Password” asin-
put, while only very few Web Servicesrequirea “Weather
StationCode”. We believe, however, that this is a prob-
lem thatcaneffectively beaddressedby exploiting therela-
tionsbetweendomainsanddatatypes.An operationfrom the
“QueryWeather”domainisverylikely to requirea“Weather
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Figure5: Classi�cationaccuracy for WSDL only, dataset1
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Figure6: Classi�cationaccuracy WSDL anddescriptions,dataset1

Figure7: Classi�cationaccuracy for SVM, dataset2



Figure8: Classi�cationaccuracy for NaiveBayes,dataset2

StationCode”asinput,while anoperationfrom anotherdo-
main will almostcertainlynot. The next two sectionswill
explain this ideain greaterdetail.

Using the Domain to Classify the Category
We carriedout a preliminary experimentto test if we can
exploit the dependency betweendomainandcategory in a
directway. We traineda classi�er on thedomainsof a Web
Service'soperationsandlet it predicttheservice'scategory.
Weevaluatedtheresultusingtheleave-one-outmethod.The
NaiveBayesclassi�er trainedon thisdataachievedanaccu-
racy of 86.0%(aSVM classi�er achieved73.1%).Notethat
aNaiveBayesclassi�er thatis trainedonthetextualdescrip-
tion of aWebServiceachievesonly a64.0%accuracy (SVM
54.3%).A WebService'soperation'sdomainsarethusabet-
ter indicatorto theWebService's category thana plain text
description.

Although of coursethe operation's domainsare usually
unknown aswell asthe category, this experimentsuggests
that thedependenciesbetweendomainandcategory canin-
deedbeexploitedin a simplemanner. Our futurework is to
explorethis area.We treatthetaskasa multi-view learning
problemwherethe differentviews areinterconnected.We
arecurrentlydevelopingan iterative approachto learninga
classi�er for interconnectedmulti-view tasks.

Thebasicideais thattheresultof theclassi�cationof the
domainwill, in thenext iteration,affect theclassi�cationof
thecategoryandthedatatypes,andvice-versa.

Having seenthat a classi�er trainedon the domainsis a
betterpredictorfor thecategory thana classi�er trainedon
the category's dataitself, we believe that this approachis
verypromising.

Web Form Classi�cation
As describedabove, we have not yet fully exploredthepo-
tential of thedepenciesbetweendomainanddatatypewith
our new 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
graphindicateconditionalprobabilitiesbetweenentities,or
the �o w of evidence. The learningtask is to estimatethe

parametersof thestochasticgenerative modelfrom a setof
trainingdata.

Given sucha Bayesiannetwork, classifyinga form in-
volvessettingthe probability for eachterm andthencom-
puting the maximum-likelihood form domain and �eld
datatypesconsistentwith thatevidence.

Wehaveevaluatedourapproachusingacollectionof 129
Web forms comprising656 �elds in total, for an average
of 5.1 �elds/form. As shown in Fig. 2, the domaintaxon-
omyD usedin ourexperimentscontains6 domains,andthe
datatypetaxonomyT comprises71datatypes.

The forms were manually gatheredby browsing Web
formsindicessuchasInvisibleWeb.comfor relevantforms.
Eachform wastheninspectedby handto assignadomainto
theform asawhole,anda datatypeto each�eld.

To extract the termsfor the classi�cation algorithm the
raw HTML waspostprocessedin variousways. Roughly,
termsoccuringin theHTML wereassociatedwith thenear-
estinput �eld in theform. Notethat this stepmaygenerate
noisytrainingdatathatwouldnotaffect thealgorithmif ap-
plied to WebServices.

For domainprediction,our algorithmhasanF1 scoreof
0.87 while the baselinescores0.82. For datatypepredic-
tion, our algorithmhasanF1 scoreof 0.43while thebase-
line scores0.38. We concludethat our “holistic” approach
to form and�eld predictionis moreaccuratethana greedy
baselineapproachof makingeachpredictionindependently.

Discussion
Futur eWork
We arecurrentlyextendingour classi�cationalgorithmsin
severaldirections.Our approachesignorevaluablesources
of evidence—suchastheactualdatapassedto/from a Web
Service—andit wouldbeinterestingto incorporatesuchev-
idenceinto our algorithms. Our algorithmscould be ex-
tendedin a numberof ways,suchasusingstatisticalmeth-
odssuchaslatentsemanticanalysisaswell asthesaurilike
WordNet.

Weenvisionasinglealgorithmthatincorporatesthecate-
gory, domain,datatypeandtermevidence.To classifyall the
operationsandinputsof a Web Serviceat thesametime, a
Bayesiannetwork liketheonein Fig.9 couldbeconstructed



Figure9: TheBayesiannetwork usedto classifya Webform containingthree�elds.

for eachoperation,and then a higher-level category node
could be introducedwhosechildrenare the domainnodes
for eachof theoperations.

Ultimately, our goal is to develop enablingtechnologies
that could allow for the semi-automaticgenerationof Web
Servicesmetadata.We would like to useour techniquesto
developa toolkit thatemitsmetadataconformingto Seman-
tic WebstandardssuchasOWL-S.

Conclusions
The emerging Web Servicesprotocols representexciting
new directionsfor theWeb,but interoperabilityrequiresthat
eachservicebe describedby a large amountof semantic
metadata“glue”. We have presentedapproachesto auto-
matically generatingsuchmetadata,andevaluatedour ap-
proachesonacollectionof WebServicesandforms.

Althoughwearefar from beingableto automaticallycre-
atesemanticmetadata,webelievethatthemethodswe have
presentedherearea reasonable�rst step. Our preliminary
resultsindicatethatsomeof therequiredsemanticmetadata
canbesemi-automaticallygeneratedusingmachinelearning
techniques.
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