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Abstract

The growth of online scienti c literature,coupledwith the growing maturity of text pro-

cessingechnologyhasboostedheimportanceof text mining asapotentiallycrucialtool.

However, thereare several challengego be addressedbefore sophisticatedext mining

servicexanbe deployedwithin emeging work o w ervironments.Our work contributes
attwo levels. At theinvocationlevel, we have developeda e xible xMmL-basedpipeline
architecturewhich allows nonxmL processorso be readily integrated. At the descrip-
tion/discovery level, we have developeda broker for servicecompositionandanaccom-
parying domainontology, thatleveragethe owL -s approacto servicepro les.

1 Intr oduction

Thereis increasinginterestin deploying text min-
ing tools to assistresearcheri varioustasks. For
example, a social historian may wish to query a
gazetteewith locationnamesretrieved from a col-
lection of transcribednterviens in orderto obtain
parishcodesthesecanthenbeusedin analysingag-
gregateregional statisticsfor the period. Another
exampleis theastronomewho detectsan X-ray sig-
nal in someregion of the sky, and wantsto inves-
tigate the online literatureto seeif ary interesting
infra-red signalswere detectedn the sameregion.
A third exampleinvolvesthe scientistwho hasbeen
givena list of 100 genesdetectedn a micro-array
experimentandwishesto trawl throughthe existing
publishedresearcHor paperswhich throw light on
thefunctionof thesegenes.

In suchscenariosywe ernvisagetheresearcheus-
ing a work ow editor to incorporateone or more
text mining serviceswithin alargerapplication.The
servicemight be essentiallya documentclassi ca-
tion tool which retrieves documentdn responsdo
a string of keywords. However, it might be more
elaborate,such as an information extraction sys-

guageprocessingNLP) task. For example,an in-
formationextractionsystemmight include modules
for tokenization,part-of-speecliagging,nameden-
tity recognition andrelationdetection.Thescientist
end-usewill notcareaboutthedetailsof thesemod-
ules,andwe mightassumehereforethatthe service
is presentedisa black box. Neverthelessthereare
a numberof reasonsavhy we might careaboutthe
internalarchitecture First, the externalsurfaceof a
servicemight changeaccordingto the application:
in onecasetheoutputof therelationdetectowould
be directedto a databaseserviceor a presentation
layer; in a secondcase the relationdetectorwould
bediscardedandtheoutputof thenamedentity rec-
ognizerwould be exposedasthe externalinterface.
For the sale of generalitythereforewe do notwant
to imposetoo rigid a grain-sizeon the components
thatcanbeofferedasservices.

Secondaprovider of text mining servicesvould
want the ability to easily recon gure systemsfor
both testingand deploymentpurposes.In general,
new applicationdomainswill require statistically
basedoolsto beretrainedandrule-basedoolsto be
providedwith new rule sets;thesewill both poten-

temwhich populatesa databas¢hatis subsequently tially affect the overall systemcon guration. More

queriedby somefurtherservice.

Typically, a text mining systemthatis deployed
asa servicewill have beenassembledut of mod-
ules,eachof which carriesoutaspeci ¢ naturallan-

importantly ongoingrapid progressn the develop-
mentof data-intensie text processingools hasthe
consequenc¢hat the top-performingsystemswill

usually be heterogeneousn the senseof incorpo-



ratingprocessingnodulesdevelopedby a variety of
researchgroups. This arguesstronglyin favour of
an underlyingarchitecturewhich supportsloosely-
coupled,interchangeablgrocessors. This in turn
raiseghepossibilitythatatext mining systenmwhich
is presentedas a black box to the scientistend-
user might in fact be decomposabldor the com-
putationallinguist as a work ow of independent,
reusableservices—inother words, we might want
to offer the computationalinguist a work ow en-
vironmentthat allows her to rapidly prototypeand
testapplicationsuilt from toolsexposedaswebser
vices.In suchacasewe couldinteroperatavith the
enduserby providing a pre-packagework o w that
couldbeincludedwithin alargerapplication.

In orderto explainourperspectie ontext mining
serviceswe will start(Section2) by describingour
underlying xmL-orientedapproachto shallov text
processing.In orderto illustrate the kind of utility
thatour text processindools supportwe will focus
on ataskthatarosein from collaboratve work with
EDINAL on thethe Jisc-fundedgeoXwalk project?
namelyidentifying placenamesn text documents.
We will thenbriey describehow we have put to-
getheraseriesof text processingtepsnto aservice-
orientedwork o w thatcontributesto the overall ap-
plication. In Section3, we turn to the questionof
how to use semanticcharacterizationsf text pro-
cessingservicesin orderto help the userdiscover
andcomposéhe servicednto usefulapplications.

2 LT-XML LanguageProcessing

2.1 Overview

The LT-xML [11] architecturefor text processing
wasdesignedo supportlooselycoupledprocessors
of thekind just alludedto, but usingcommandine
programscommunicatingvia Unix pipes. In order
to bepipelinedin thisway, all processorsmustshare
a commondataformat, andthe choiceof xMmL al-
lows usto accommodata variety of modelsof lin-
guisticannotation.Following standardJnix philos-
ophy, individual processorgachcarry out very spe-
cic tasks. However, the fact that they all stream
their input and outputin XML allows them to be
freely combined,and differentcombinationsof the
samesuite of processorgan carry out a rangeof
comple text processingtasks. Exampleapplica-
tions developedover recentyearsinclude identify-
ing geneand protein namesin Medline abstracts
[6, 7, 5], tokenizingtechnicaltermsin Medline ab-

Lhttp:/ledina.ac.uk/
2http:/www.geoxwalk.ac.uk/

stractsasapreludeto wide-coverageparsing10, 9],
extractinginformationaboutlaptopcomputerspeci-
cations fromwebpageq12], identifyinggeograph-
ical locationsin Scottishhistoricaldocumentg§19],
andhigh-compressiosummarizatiorof legal docu-
ments[8, 14].

To date, all NLP applicationsbuilt within LT-
XML have involved adding annotationto plain or
HTML-formattedtextual input. With relatively min-
imal assumptionsboutthe appropriatedatamodel
for linguisticannotationit is possibleo adoptasim-
ple processingnodel: eachprocessoin a pipeline
(exceptthevery rst) inspectshe markupproduced
by theprecedingprocessqrandmodi es thisor adds
new markupof its own. Althoughthe markuppro-
cessneednot be strictly monotonic? in practiceit
almostalwaysis. Figure 1 illustratesthis point: in
thetopmosttree,thetext hasbeenannotatedo show
word ("<w>) and sentencd’<s>") units, while the
bottomtree hasadditionalannotationrwhich marks
part-of-speechinformation on words, and adds a
namedentity element(’<ne>") of typelocation

A basesetof LT-xML text processorhasbeen
built usinglIxtransduce , a generalpurposedeter
ministic transducewhich rewritesa streamof char
actersor XML elementsaccordingto a setof rules.
The input is matchedwith regular expressionsor
XPath patterns. Characterinput can be arbitrar
ily modi ed and marked up with xmL elements.
XML input can be re-orderedand marked up with
additional elementsand attributes. Input can be
matchedagainstlexicons and the lexical informa-
tion incorporatedn the output. With suitablerule
sets,Ixtransduce  allows us to constructtokeniz-
ers,namedentity recognizerandpartial parsers.

However, as argued earlief a high priority
is to allow heterogeneousystems,incorporating
third-party— typically non-xmL—processordnto
anxML-basedpipeline. This requiresus to usefor-
mat corverters(or “shims' following [21]) to map
out of, and back into, xML. Most of our legag/
code usesad hoc scripts xmlperl 4 for this pur-
pose,which gives us a powerful and e xible tool
for rapid prototyping. However, we arealsoexper
imentingwith XsLT stylesheetdor the former, and
with Yacc/Bisorfor thelatter

The creationof reliableshimsis importantsince
theperformanc®f mosttext processingpplications
is usuallylimited by the performancef thewealest
component. However, mostNLP framewnorks limit
the useof processorsvailablein an applicationto
thosethatconfromto their internaldatainterchange

3By “monotonic',we meanthatannotationganbe addedbut notremoved.

“http://www.cogsci.ed.ac.uk"dmck/xmistuff/



format. Since state-of-the-artools often use non-
xML formats,shimsmustbe createdor thosetools
sothatthey canbeintegratedandthusobtaintheop-
timal performancdor the systemasawhole.
However, when modularizinga text processor
and creatingits shim we do not want to limit its
useto the xML datainterchangdormat of a partic-
ular framewvork. However, by publishingthe xmL
format usedby the outputandinput of an proces-
sor(e.g.,makingits XML Schemaor DTD publically
available), it shouldoften be possibleto createan
XSLT stylesheeto translatebetweenthe xmML data
interchangdormatsusedby thevariousframeworks
andprocessorslf processorarewrappedusingone
of the popularxmL datainterchangdormats,then
only a few standardransformationgrom onecom-
mon datainterchangeformat to anothermay need
to be created. By usingthe methodof Schemain-
clusion,only the relevant partsof the xmML datain-
terchangdormatsneedto translated.This approach
letsany NLP processobe usedin ary text process-
ingwork o w, providedthatmappingsanbecreated
betweerthe relevant partsof the dataformats. For
our particularpipelinewe usedthe LT-XML datain-
terchangdormat,andmappingsanbecreatedrom
thatformatto partsof otherformatssuchasNITE.
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Figurel: IncrementakML Annotation

2.2 GeoFarsing

We will illustrate a typical usageof our tools by
focussingon geopassing—thetaskof automatically
identifyinglocationnamesn documentsThisneeds

Shostedby EDINA at http://dearg.ucs.ed.ac.uk:9101/adlcrosswalk/

to be seenwithin the broadercontect of working
with spatialdata.

A wide rangeof socio-economiaatais regu-
larly collectedandpublishedby statisticalorganiza-
tions and governmentssuchas statisticspertaining
to populationsizes health,crime,or unemplyment.
Such datasetgelate the primary variablesto spa-
tial informationin variousways[17]; in particular
they usedifferentgeagraphies rangingfrom explicit
grid referencesr parishcodeso implicit references
suchaspostaladdressesr associatiorwith a place-
name.ln orderto supportheproces®f relatingdata
to a representatiornf its spatialscope(sometimes
called geo-refeencing, servicessuchas geoXwalk
[4] have beendevelopedto translatebetweenthese
differentgeographies.

Mappingacrosdifferentsystemsf spatialref-
erenceallows for the fusion of different datasets,
which in turn is a preconditionfor sophisticated
mapping. For example, a social scientiststudying
the relationshipbetweencrime and deprivation in
Scotlandmight wantto draw a thematicmapshawv-
ing the strengthof the spatial correlationbetween
crimesoccuringin a given place and standardized
scoresof deprivationin the samearea[18]; thefor-
mer might be basedon addresgyeo-referencego-
lice incidencerecordsandthe latter on UK Census
boundaries.

The particular systemwe describehere s in-
tendedto take HTML documentsas input, and to
output documentswith the sameHTML markup,
but supplementedvith <span> tags which visu-
ally highlight the placenamesn the document—
obviously, other presentatiormodescould be de-
rived,giventhattheintermediataesultsareencoded
in XML. Figure?2 givesa browserview of a docu-
mentafterlocationnameshave beenmarkedup.

A recentexperimenton usingthe system( which
incorporatesn off-the-shelfmaximumentropy tag-
ger[3]) torecognizdocationnamesn the Statistical
Accountsof Scotlandhasachieveda f-score(com-
bined precisionand recall) in recognitionof over
94%;see[19] for moredetails.

In addition, the system uses the location
names extracted from the source text to query
an online gazetteerservice®>. For example, a
placenamequery for Sudlury will retrieve an
XML record which contains an element called
standard-reports whichis madeupof asequence
of gazetteer-standard- rep ort elementspnefor
each gazetteerentry  Each of thesecontainsa
bounding-box  elementwhich containsits bound-
ing coordinates. Thereis also an elementto de-
scribe the location sub-type: e.g., there are Sud-
bury entriesvariously annotatedas “parishadmin’,



Walking Pages - County Pages
Suffolk

There is something very English about SUIK. Here you will find the LS
quintessential English village. Along the river Stour south of Lavenham is

‘Constable Country’, home of England's most famous landscape painter
and the subject of his glarious paintings which so poignantly captured rural

English life. The Stour flows peacefully through a chalky valley with willow
and poplar lining lush water-meadows, and walks between Sudbury and
Flatford capture the essential 'Englishness’ of the scenery. Flatford is, of
course, the location for one of Constable's most famous paintings and is

now a maijor tourist attraction. Upstream at Sudbury is the birthplace of another great Enghsh
painter, Thomas Gainsborough. The long distance route The Stour Valley Path follows the river all

the way from from Newmarket to Manningtree.

Figure2: Web pagemarkedup with locationname

‘ward', and village or hamlet'. The modulewhich
sendgjueriesto the gazetteeusesthe queryresults
to createa new XML documentcontaininga list of
virtual ~ _locations  foundin the input document:
“virtual' becausdhe samenameis often sharedby
morethanoneplace;for example thereexistaround
30 placescalled "Aberdeen'on earth,and England
alonehastwo "Leeds'.We arecurrentlyworking on
methodsto resole theseambiguitiesautomatically
[16]. Thisoutputis illustratedin Figure2.2.

<virtual_location>
<occurrence>
<text>Sudbury</text>
<index>49</index>
</occurrence>
<occurrence>
<text>Sudbury</text>
<index>65</index>
</occurrence>
<standard-reports>
</standard-reports>
</virtual_location>

Thatis, avirtual ~ _location  lists thetokenswhich
have beenmarked as placenamesn the text, to-
getherwith thetokenidenti ers, andthengivesthe
standard-reports elementfrom the outputof the
gazetteelquery The informationin this xmL le
canbe displayin an interactve window which al-
lows the userto disambiguatehe intendedreferent
of theplacenameto selectplacesof particularinter-
est,askfor moreinformationaboutthemfrom other
sourcesandrequesta map which displaysthe se-
lectedplaces.

2.3 Sewice Architecture

The initial implementationof the geoparserde-
scribedabove ran as a single Unix script on a sin-
gle system.However, by makingits major modules
availableaswebservicesthe entiresystemcanbe-
comedistributedacrossmultipl platformsandcom-
ponentsanbereusedandinterchanged.
Neverthelessthe foundationof mary text pro-
cessingcomponentsas pipelineshas rami cations
for their developmentas web services. Many web
servicesare currently basedon well-de ned typed
arguments, typically with the service itself built
over a strongly-typedprogramminglanguagesuch
asJava. In contrast,text processingveb services
are almostalways document-centeredsxchanging
and passinglinguistic information as xmML input
andoutputdocumentembeddedvithin SOAP mes-
sages.While thesedocumentsnay be validatedby
aschemathecrucialinformationneededy theweb
serviceis embeddeavithin a singlexmL inputdoc-
umentitself, not as multiple strongly-typedparam-
eters. Also, a single xML documentis usually re-
turnedas the output. To facilitate this document-
centricapproacho web servicework o ws, we cre-
atedour own webservicewrappersaandseners.
Thework o w involvesfour majorsteps:

Tokenization: Identi cation of words and sen-
tencesn theinputtext.

Location Taggingwith aclassi er: Using the
maximumentropy taggerto markuplocation
names.

Location Taggingby Lexicon: Using a local lexi-
con of location namesto markup additional
locationsnotidenti er by thetagger

GazetteerQuery: Sending location names re-
trievedfrom thetext to a gazetteeresource.



In addition,theworklow isinitiatedby astepthat
convertsHTML markupinto XML, andterminatedby
astepthatre-corvertsthe xMmL backinto HTML.
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Figure3: View of LocationTaggingWork o w

Eachof thesestepdsimplementedasshellscript
on Linux, and consistsof a pipeline of command-
line programs. The scripts are then wrappedas
web serviceusing a utility calledIxsoap . A sim-
ple con guration le actsasthe inputto an xXsLT
transformationthat createsa wsbL le describing
the service;it alsoallows Ixsoap to mapbetween
SOAP messageandthe programsinput, outputand
command-linearguments.We have successfullye-
constructedhe overall tool pipelineasa work ow
by calling theseservicesfrom the Taverna Work-
bench[1].

3 Ontology-based Sewvice Dis-
covery

Although web servicescan be composedinto a
work ow by simply selectingthem from a list, as
allowedby the TavernaWorkbench jt would be de-
sirableto useamoresemanticallyorientedapproach
to composingservices.To move towardsa semantic
serviceervironment,overthelastcoupleof yearsthe
OWL-S upperontologyfor describingweb services
hasbeendeveloped. The intention of this effort is

6For moredetails,see[15].

to provide an xML-basedontologywhich stipulates
the basicinformation that servicesshould expose
to the ervironmentin orderto facilitate their auto-
matic discovery, invocation,compositionand mon-
itoring [20]. This ontologyis speci edin the owL
WebOntologyLanguagevhich providesalanguage
for specifying DescriptionLogic constructsin the
syntax of XML and built on top of the RDF data
model. For the purposef discovery, the mostim-
portantaspecbf the owL-s ontologyis the Service
Pro le . Thisdescribesheessentiatapabilityof the
serviceby characterizingt in functionalterms: the
inputsa serviceexpects,the outputsit producesthe
preconditionghatare placedon the serviceandthe
effectsthatthe servicehas. By “typing' datain this
fashion the ability to de ne andinstantiate seman-
tic pipelines'of datathroughawork o w consisting
of anumberof distinctservicesalsobecomegpossi-
ble.

The owL-s ontologyis domain-independento
expressconceptsof particulardomainsit is neces-
sary to extend the owL-s ontology into thesedo-
mainsthroughthe useof additionalontologies.We
have developedsuchan ontologyin the domainof
NLP (speci cally, by extendingthe owL-s notion of
a Prole Hierarchy).® Our approachrestson the
following assumptions:

1. NLP processorsiave documentsasbothinput
andoutput.

2. Documentdave propertiesvhichimposepre-
conditionson the processorand which also
recordthe effectsof processing.

3. A speci cation of the propertiesof docu-
ments,asinput/outputparametersinducesa
classi cationof NLP processors.

Figure4 illustratesthe caseof a part-of-speeclag-
ger, de ned sothatits inputdocumenis marked-up
for word and sentencdokens,while its outputis a
documentwhich is in additionmarked-upfor parts
of speech.

Document
hasAnnotation  {word,POS}

Document
hasAnnotation {word}

Tagging
Tool
|-

&

Figure4: The Tagger classasafunction

We cansubclas®ocument classin variousways
in orderto furtherre ne differentclassef proces-
sors,asillustratedin in Figureb.

In orderto be ableto reasoraboutNL P services,
we have developeda broker service, built on top



Document
hasMIME-Type MIME-Type
hasDataFormat anyURI
hasAnnotation {word}

"4 [

Document Document
hasMIME-Type MIME-Type hasMIME-Type text
hasDataFormat /format/tabbed.dtd hasDataFormat anyURI
hasAnnotation {word} hasAnnotation {word}

T
"#
|
Document
hasMIME-Type text/xml
hasDataFormat anyURI
hasAnnotation {word}

Figure5: Subclassesf Document

Figure6: Selectinga Text Mining Tool from the classhierarchy




of the RACER [13] DescriptionLogic engine. This
broker maintainsa descriptionof the NLP ontology;
whenit receves serviceadwertisementsdescribed
usingowL-s andthis domainontology, it classi es
theseand storesthemasinstancef the appropri-
ate classin the hierarchy On receving an owL-S
query it composes classdescriptionfrom this and
thenreturns,as potentialsolutions,arny servicein-
stance®f classesubsumedby this description.On
theclient side,we have developeda prototypecom-
position tool for composingsequencesf services
andqueryingthe broker. The useris ableto specify
eitherthetypeof processingesourcehatis needed,
or the constraintson the datainputs and outputsto
someabstracservice(or acombinatiorof both)and
thetool constructgsheappropriateowL -s, sendghis
to the broker and then presentghe alternative ser
vicesto theuser The selectionmenuofferedto the
useris shavn in Figure6. Oncea userselectsone
of these,the tool fetchesthe URL of the serviceto
extractmoredetailedinformationaboutthe service,
and the compositionview is updatedaccordingly
Thecompositiontool is ableto outputits con gura-
tion le in Scu format[2], thusenablingthe work-
o w to besaved,andto be enactedwithin Taverna.

The text processingweb servicesthat we de-
scribedin Section?2 can be classi ed within the
framework of ourNLP Pro le Hierarchy andshould
allow servicessuchasthegeoparseto becomposed
by semantically-basebrokering,althoughthe exact
detailsof sucha compositionarestill underinvesti-
gation.

4 Conclusion

In this paper we have addressedwo potentialuser
populations: the scientistwho is a potential con-
sumerof text mining applications but is not inter-
estedn theinternalmake-upof theapplicationsand
the computationalinguist, who wishesto construct
text mining applicationsfrom a combinationof in-
houseand third-party tools. We believe that both
groupscanbene t from “virtualizing' languagepro-
cessingoolsaswebservices.

One of the key challengesin building on this
paradigmis to presenthe processorsn a way that
supportsrobust interoperability This canonly be
achievedif the input andoutputtypesof processors
canbe describedusingarich vocalulary. We have
arguedherefor anontologythatleveragegroperties
of the classof documentshatcanbe exchangede-
tweenthe processorsalthoughthis doesnot exhaust
all theconstraint®oninteroperabilityit doesprovide
a promisingbasisfor capturingthe functionalcore,
especiallyin termsof the datatransformationsar

ried outby NLP processors.

Given the huge amountof linguistic informa-
tion available online, from naturallanguageanno-
tationsin databaseto the text availableon the Web
itself, robust and scalableNL P applicationsare ur-
gently neededfor text-mining. By wrappingNLP
componentsas web services cutting-edgetechnol-
ogy canbe madereadily available for usefor real-
world problems. In this paper as a proof-of con-
cept,we shavedhow areal-world applicationcould
be constructedvithin a standardvork o w erviron-
ment.

There are a number of issuesfor future re-
search. For very large documentsthe network la-
teng involvedin webservicescouldleadto possibly
slower resultsthana singlecentralinstallation. Fur-
thermore mary text processingcomponenthave a
heary statisticalcomponentwhich can make their
processingime over large documentsslowv aswell.
With the furtherdevelopmeniof the Grid andits in-
tegrationwith web servicesthe problemsof limited
bandwidthandslow processingime shouldbecom-
pensatedor. For example astatisticataggerthatin-
vokeshigh computationatostscouldhave its work-
loadshortenedy sendingtself asajob to the Grid,
andsoplay arolein awork o w without servingas
a bottleneckon performancdime. Thereis already
evidencethatfor someNnL p tasksthe useof the Grid
as opposedto a single systemresultsin improved
performancdime over very large datasets,andthe
resultsgetimprove asthe datasetgetslarger[] In
thisregard,the further developmeniof web services
ande-sciencas likely to play anincreasingmpor-
tant role in the developmentof large-scale rapid,
high-performancéext-mining.
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