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Abstract Rolust Named—EntityRecognitionsoftware is an essentiabreprocessingool
for performingmorecomplex text processindasksin businessnformationsys-
tems. In this paperwe presenta Framevork for Domain and Task Adaptive
Named-EntityRecognition It consistof severalclearcutsubcomponentshich
can be flexibly and variably combinedtogetherin orderto constructa task—
specifictNE—Recognitiortool. Additionally, a diagnosticdool for automaticpre-
diction of bestsystemconfigurationis provided, which speedsup the develop-
mentcycle.

1. Introduction

Nowadaysknowledgerelevantto businesof ary kind is mainly transmitted
throughfree—text documents.New trendsin informationtechnologysuchas
Information Extraction Text Mining or Text Classificationcould provide dra-
maticimprovementsin the processof converting the overflow of raw textual
informationinto valuableknowledge. Sincenamedentities(NE) constitutea



significantpart of businesgexts! , robust NE—Recognitiorsoftwareis an es-
sentialpreprocessingpol for performingmore comple text processingasks
in businessnformationsystemgAbramavicz andZurada,2001).

The NE task hasformally beendefinedat the MUC conference(SAIC,
1998) and consistsof recognitionof entities (organizations,persons,loca-
tions), tempoal expressions(date,time) and quantities(monetaryvalues,
percentages)The recognitionprocesss usuallysubdvidedinto delimitation,
i.e. determinationof the boundariesof the NE, and classification,in which
theidentified NE is assigneda morespecificcatgory. The questionwhether
a phraseis a namedentity andwhat nameclassit belongsto, might depend
on both internal structureand surroundingcontext (McDonald, 1993). The
"Inc.” designatoreliably shavs the phrase€’Financial Investments|nc”” to be
acompany name. Thetext fragment’PacoRaban”in the following example
sentenceanberecognizedisacompaly nameby utilizing theprecedingvord
sequencédirector of”.

(1) Mr. Diagnewould leave his job asvice—presidendf YvesSaint
Laurent,Inc. to becomeoperationglirectorof PacoRaban.

However, "PacoRaban”could alsobe a personname. In this case the prob-
lem of disambiguatinghe type of this NE seemsgo be intuitively simple,but
generally a broadercontextual knowledgeis requiredin orderto determine
the type of the namedentity correctly An intuitive stratgy for NE recogni-
tion onecouldthink of is simply usingdictionariescontainingNEs. However,
someNEs,like for instancecompaly namesaretoo numerougo includethem
in dictionaries.Further they arechangingconstantlyandmayappeatn mary
variantforms(e.g.subsequerdccurrencesmightbeabbreiated). Hence such
straightforvard list—searchapproactwould not performwell.

Most of the IE systemsparticipatingin the NE taskin the recentMUC
conferencesverebasedon handcraftecapproachWakaoet al., 1996),which
usecontt—sensitre rules. Suchcontextual rulesrely usuallyon tokenization
and/orlexical informationcomputedn the preprocessinghase.Recently a
variety of machinelearningmethodsfor solving NE task were introduced(
Bikel and Weischedel 1997, Borthwick, 1999, Gallippi, 1996, Srihariet al.,
1999). Neverthelessthe handcraftedsystemsachieze on an averagehigher
coveragethan machine—learnindgasedapproaches.This is due to the fact
thatnon—localphenomenarebesthandledoy usingregular expressions For
instance,the pattern[PERSON_NAME o STRING:THE o (POS:ADJ)* o
STRING:PRESIDENT OF o ORG_NAME], which covers the following ex-
amplephrasewould be difficult to learnfor an automatedsystembecausef
the presencef a sequencef zeroor moreadjectves:

1Accordingto (Coates-Stephens992)navswire texts may consistof up to 10 percenif propemames.



(2) Bill Gatestheyoungdynamicsuccessfupresidenopf Microsoft

A broaderoverview of existing NE recognizersand currentproblemsin this
field aregivenin (Borthwick, 1999).

In this papemve describeaDomainandTaskAdaptive Named—EntityRecog-
nition Platform. In contraryto othertools, our platform comprisesof seseral
clearcut submodulesvhich canbe flexibly andvariably combinedtogether
in orderto constructa task—specifiNE—recognitiorcomponentThe submod-
ulesincludeamongothersfine—grainedokenization regularpatternmatching,
acrorym recognition,gazetteeitookup, NE variantidentificationand lexical
processing.The main adwantageof the flexible workflow is thatunnecessary
computationgnight be avoided (e.g., specificlE tasksdo not requirelexical
processingpndthe bestconfigurationfor solving a particularreal—world ex-
tractiontaskmay be easily defined. Therefore,an additionaldiagnostictool
for automaticevaluationandscoringof possiblesystemconfigurationss pro-
vided, which meansfasterdevelopmentcycle. Sinceit is importantto pro-
cessbig quantitiesof texts efficiently, we malke an exhaustve useof finite—
state technolayy (Mohri, 1996) in all subcomponents Currently we have
adaptedhesystenfor performingNE—Recognitiorfor German Additionally,
we highlight frequentproblemswe encounteredvhile processingeal—world
data,whichillustratetheindispensabilityof eachsystemcomponent.

2. Architecture

The systemconsistsof two main poolsof resourcesy(1) the linguistic re-
souices which are maintained(and optimized) by the GrammarManager,
and(2) processingesouces including Tokenizer PatternMatcher Gazetteer
Checler, Context Explorer Lexical Processoand Acronym Finder The pro-
cessingresourcesan be flexibly andvariably combinedinto a task—specific
workflow schedulghroughthe useof the Resouce Stheduler The workflow
scheduladeterminesvhich component®f the systemareusedanddefinesthe
orderof theirapplicationandinterplay

Eachtext documentis firstly preprocessetby the tokenizerwhich is an
obligatorystepin our NE—recognitiorsystem.TheTokenizersplitsthetext into
word-like units called tokens and classifiesthem accordingto use+defined
token—clasglefinitions. The segmentedext togethemwith theworkflow sched-
ule constitutethe input for the NE—Recgnition Enginewhich performsthe
properNE identification. Thetext fragmentswvhich arerecognizedy acertain
moduleas NEs are by default not further consumedy the subsequentod-

2Computationally finite—statedevices are time and spaceefficient and from the linguistic point of view,
local naturallanguaggphenomenaanbe easilyandintuitively expressedisfinite—statedevices.
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Figure 1. Architecture

ules’. Theextractedinformationmayberedirectednto a corresponding{ML
documenbr streamof featurestructures.

We describenow briefly the functionality of the processingesourcesThe
PatternMatcher applieshandcraftedulesrepresentingatterndor NE recog-
nition. The patternsrely on tokenizationinformation and information com-
putedby the Lexical Processomwhich is responsibldor retrieving lexical in-
formation (including online compoundrecognition)for eachunconsumedo-
ken. Thetaskof AcronymFinder is the recognitionof acroryms andidenti-
fication of their correspondinglefinitions. The GazetteelCheder usesstatic
NE—lexica (e.g., geographicalocations)in orderto matchunconsumedext
fragments. Finally, the Contet Explorer searchedor associationdbetween
token sequencesvhich do not exhibit strongnamedentity evidence(poten-
tial NE) with namedentitieswhich wererecognizedwithin a parametrizable
contet frame(e.g.,differentvariantsof the sameNE).

A scenario—specifieorkflow schedulenayincludemorethanoneinstance
of someof the processingesources.For instance,in somescenariothe set
of recognitionrulesfor the PatternMatchercouldbe subdvidedinto sure—fire

3More comple configurationof the systemallow for consumingpreviously recognizedentitieswhich will
bediscussedater



rulesandless-reliableules(e.g. rulesobtainedstatisticallyby someexternal
componentwhich canbe easilyconvertedinto anappropriatédormat). In this
caseit would be corvenientto firstly apply sure—firerules, thento run the
GazetteeMatcherandfinally to usethe setof less—reliableulesasarguedin
(Mikheer etal., 1999). For speedingup the adaptatiorto nev scenarioghe
bestsystemconfigurationcanbe automaticallypredictedby a diagnostictool
providedin our system.

Finally, in orderto guaranteegood run—timeperformanceall components
of the systemsare implementedas optimizedfinite—statedevices. We used
the DFKI Finite—StateMachine Toolkit (Piskorski, 2002) for constructing,
combiningand optimizing finite—statemachineswhich are generalization®f
weightedfinite—stateautomatandweightedfinite—stateransducers.

3. Processing Resources
3.1 Tokenizer

The taskof the tokenizeris to map charactersequencesf the input text
documentsnto word-like units calledtokensandto classifythosetokensac-
cordingto userdefinedtoken classeslin thefirst step,the S@gmentersplitsa
text documentinto tokensby using an abbreiation lexicon which allows for
a roughdistinction betweenpoints beingintegral part of the token (e.g. ab-
breviations) andsentencealelimiters. The segmentedext is forwardedto the
Classifier which performsfine—graineccateyorizationof tokens. In contrary
to othertokenizationtools our tokenizerallows for multiple token classifica-
tion, asillustratedin figure 2. Firstly, eachtoken is classifiedaccordingto a
prespecifiedist of maintokenclassegcurrentlythe systemprovidesabout50
default maintokenclasses).

ExampleTokens | Maintoken Classes Subtolen Classes

1999 naturalnumber four digit numberyear
Dusseldorf first capitalword potentiallocation

V3.5 numbemword compound| —

AT&T-CEO complex compositum mayincludecompaly name
GmbH mixedword first capital | corporatedesignator

Figure 2.  Tokenclasses

In the secondstep,tokensundego additionaldomainand languagespecific
subclassificatiorfThielen,1995). For instance we could subclassifyall first—
capitaltokensaccordingto the type of suffix they endwith (e.g. sufiix ex-

hibiting a potentiallocation: "—dorf”, "—hafen” in German).Suchinformation
could be usedfor definingof NE—recognitiorpatternge.g. locationpreposi-
tions followed by token subclassifieds potentiallocation). Eachtoken may



belongto several subtolen classesput it is assignedo only one main to-
ken class.All token classesxpressedasregular expressionsaremeigedinto
a single optimizedfinite—statenetwork which representshe token classifier
We claim that fine—grainediokenizationas describechere may be sufiicient
for solving somereal—world NE tasksas we experiencedin practice(e.g.
keyword—spotting).

3.2 Pattern Matcher

The PatternMatcherapplieshandcraftedegular patterns(Mikheer et al.,
1999, Gallippi, 1996), which rely on the tokenizationinformationand infor-
mation computedby the lexical processorseesection3.4). Thesepatterns
areexpressedsfinite—statedeviceswhosearcsarelabeledwith predicate®n
tokens.Thereareonly five typesof predicate§STRING, STEM, POS, SUBTO-
KEN AND TOKEN) which allows for keepingthe degreeof non—determinicity
of the correspondindinite—stategrammarrelatively low. An examplepattern
for recognitionof compary namess givenin figure 3:

Token: firstCapital
’ String: Holding

String: AG

POS: unknown
String: GmbH
@ String: & @

Figure 3. A simplepatternfor recognitionof compary names

Token: firstCapital

String: Co.

String: Co

The PatternMatchercanbe configuredin several ways, which caninfluence
the coverageand runtime behaior of the system. Firstly, variousmatching
techniquesxanbe chosen(e.g. local vs. full backtracking). Anotheroption
allows for recognizingoverlappingNEs. Considerthefollowing example:

(3) Bei XtraMind TechnologiessmbH, Stuhlsatzenhauswye366121
Saarbiicken

In this text fragmenttwo overlappingNEs could be identified: a location
"Bei XtraMind” triggeredby a location preposition,and "XtraMind Tech-
nologiesGmbH” triggeredby the compary designator'GmbH”. Suchcol-
lision informationcould be usedfor semi—automati¢ine—tuningof the rule—
base(definition of new patterncovering the whole text fragment’Bei Xtra-
Mind ... GmbH”). Further the above text fragmentcontainsan error (e.g.,
originating from OCR), in that it missesa spacebetweenstreetnumberof



"Stuhlsatzenhauswé andcity codeof Saarbiicken (fusionof 3 and66121).
Usingcollision—matchingptionwe canidentify both street—-numbeiragment
and postcode—cityphrasewhich would not be possibleotherwise. Addition-
ally, anoptionfor determiningthe orderandnumberof admissiblepredicates
is provided,which maybe usedfor optimizingthe PatternMatcherin termsof
efficiengy. PatternMatcheralsoallows for rule prioritization which prevents
multiple assignmento sametoken sequenceskinally, on demandpreviously
recognized\NEs canbe consumedy the PatternMatcher e.g. personnames
recognizedby GazetteeChecler. Notethataninputtext canbe partially an-
notated.

3.3 Gazetteer Checker

Thetaskof the GazetteeChecleris recognitionof NEsstoredn staticNE—
lexica. Suchlexica containusuallylocation, organizationand personnames.
Simple NE—Recognitionsystemsrely only on performinga lexicon lookup.
Theadwantageof usinggazetteermaybeverifiedby thefactthatmary NEsdo
neitherexhibit internalnor externalevidenceof beinga namedentity. Forin-
stanceconsiderthe Germanphrasé€’Dynamik in Handel” (dynamicin trade.
It is a magazinditle, but alsoa valid NP in German.Using Gazetteeseems
to be an only alternatve for recognizingsuchnamedentities. An interesting
discussiorof theimportanceof usinggazetteeandtheir applicationat differ-
entstagesof NE—recognitionprocessanbefoundin (Mikheer etal., 1999).
In caseof ambiguousentriesin staticlexica, we canswitch betweeranoption
of returningthe highest—priorityinterpretationor returningall possibleinter
pretations.For cornverting the staticlexica into their correspondingptimized
finite—stataepresentatiowe usethenenv methodfor efficientincrementaton-
structionof agyclic deterministicand minimal finite—stateautomatgpresented
in (Daciuk,1998)andprovided by the FSM Toolkit.

3.4 Lexical Processor

Thetaskof Lexical Processors theretrieval of lexical informationfor each
tokenidentifiedaspotentialwordform. Thisincludesalsorecognitionof com-
pounds(e.g. "Produktionsumstelluyeri — productionreomganization) which
areusuallynotlexicalized*. They constitutesignificantpartof businessexts®.
Lexical Processousedull-form lexicon (750000entriesfor Germanyandtries
firstly to associateachprocessedokenwith a correspondindexical informa-
tion including part—of—-speecland steminformation. If no suchinformation

“Notethat,for instancen Germancompoundsrein generabrthographicallysinglewords.
SWe found out that 7,19 percentof the wordsin our test corpus,consistingof businessarticlesfrom the
Germarbusinessevs magazin€Wirtschaftsvoeche”, werecompounds.



canbefound,thetokenis eithercompoundor unknavn word. We apply fast
androbust shallov compoundrecognitionstratgy outlinedin (Piskorski and
Neumann2000)which computesonly a single syntacticallyvalid segmenta-
tion anddetermineshe headwhile leaving internalbracleting underspecified.
This informationis sufiicient for the purposeof NE recognition. The stand—
alonestatusof the Lexical Processomay be verified by thefactthatoneaims
to applyingothercomponentso text fragmentsonsistingof tokensnotrecog-
nizedasvalid word forms. Analogouslyto staticlexica we encodefull-form
lexicon into anoptimizedfinite-statenetwork.

3.5 Context Explorer

Thetaskof the Context Exploreris theidentificationof variantsof already
recognizedNEs. Hence this componentulfills partialcoreferenceesolution.
Thetext including annotation®f previously recognizedentitiesis scannedn
orderto identify candidate$or NEs(which do not exhibit a strongevidenceof
beinga namedentity). Secondly Context Explorersearchegor associations
betweensuchcandidatesand alreadyidentified NEs within a parametrizable
contet frame. For instancefirst occurencenf a givencompary nameusually
includesa designatgrwhereassubsequenbccurrencesre frequentlyabbre-
viatedvariants,which do notinclude suchdesignatorandarethusharderto
find (e.g. "Appollinaris & Schweppesand”Appollinaris” couldreferto the
compary name’Appollinaris & Schweppe&smbH& Co?). Thisis achiered
by storingcertaintypesof NEs (e.g. company namewithout corporatedesig-
nator)in adynamiclexicon. Any subsequentccurrencef a prefix or suffix of
previously storedNEs canthenbe identifiedandan appropriataeferencecan
be setcorrectly It is known that suchreferenceresolutionheuristicachiees
highaccurag.

Anotheradwantageof usingdynamiclexicon is thatit canbe usedfor dis-
ambiguating\NE types.Considerthetext in example4:

(4) "Ich konnteniemalsaufirgendetwasschiessenyersichertder
57jahrigeChefdesUS—Ristungsknzerns
Martin MariettaCorp. (MM). Dochdie private Waffenabstinenhat
AugustinenichtdarangehindertseinUnternehmerzur grossten
Waffenschmiedeler Welt aufzufisten:Fir drei Milliarden Dollar hat
Martin Mariettageradeerstdie Luftfahrtabteilunglesehemaligen
KonkurrentenGeneraElectric(GE) Ubernommemunddamitseinen
Jahresumsatzon rundsechsauf tiberelf Milliarden Dollar fast
verdoppelt.

The first occurrenceof the sequencéMartin Marietta Corp” can be easily
identifiedasa compary name sinceit containsareliablecorporatedesignatar
Thesubsequenbdccurrenceof the substring’Martin Marietta” couldbefirstly



recognizedy the PatternMatcheror the GazetteeChecler asa persomame.
Neverthelessthis token sequencebviously refersto the compary namein-
troducedpreviously. A simpleheuristicmay be appliedto solwe this problem:
wheneer a person,compary or location nameis recognizedoy the Pattern
Matcheror GazetteerChecler, the Context Explorer performsan additional
lookup in orderto checkwhethersuchNE is a prefix or suffix of analready
recognizednamedentity in the surroundingcontext frame, and modifiesthe
typeof this NE appropriately

The Context Explorers’ability for varying the size of the context window
(e.g. paragraphvs. the entire document)is crucial sincethe systemhasto
copewith differenttypesof documentge.g. emails,web pagesor nevswire
articles).

3.6 Acronym Finder

We noticedby looking over a lot of businessdocumentghat they include
a hugenumberof acroryms which canbe treatedin mostcasesasNEs (e.g.
"GE” in example4 standdor "GeneralElectric”). In orderto recognizeacroryms
andtheir correspondinglefinitionswe apply two stratgies: (1) by the defini-
tion of lexico—syntacticpatternsexpressingintroductionand definition of an
acrorym (e.g. X stehtfur Y - X standsfor Y), (2) by applyingrulesfor iden-
tifying acrorym candidatesindassociatinghesecandidatesvith their defini-
tionsin anparametrizableontet frameusingheuristicsasdescribedn (Roy,
2001). Thetwo stratgies canbe appliedsimultaneouslyor separately With
regardto (2) amoredetaileddescriptionfollows:

By taking adwantageof the information computedby the Tokenizerit is
possibleto find shortcharacteisequencege.g. the lengthof a sequencdies
between2 and 10 characterstokens consistingsolely of consonantsyvhich
constituteacronymcandidates For eachacrorym candidatean abbreviation
patterrreflectingits structurds constructedThepatternconsistof asequence
of symbolswhich correspondo thesubsequentharacteren theacrorym can-
didate("n” standsfor numberand”c” standgfor character).Somecharacters
like”&” or”\” have no correspondingymbolin the pattern.Figure4 shavs
someexampleacroryms andtheir correspondingatterns:

Acrorym | Pattern

AT&T cce Definition Pattern
2D nc Anglo—AustralienObseratory | www
TICIF cce USA WWSW
ALGOL | ccccc ALGOrithmic Language hw

Figure 4.  Acrornym Patterns Figure 5.  Definition Patterns



SubsequentlyAcronym Findertriesto identify definitioncandidatesn the
surroundingcontext of the acrorym candidateusing several heuristics. Con-
sideragainthe example4, where”GE” standdor "GeneralElectric”. An ap-
propriateheuristicfor recognizingthe definition candidatewould be as fol-
lows: initial characteof eachword of thedefinitioncandidatenustmatchthe
correspondingharactein theacrorym candidateln thenext stepadefinition
patternrepresentinghe structureof the definition candidate’s built. Some
examplesof acrorym definitionswith their correspondinglefinition patterns
aregivenin figure 5 ("w”- wordsinitialized with a capital,"h”- words con-
tainingtwo or morecapitalsand”s”- stopwords).Analogouslyto abbreviation
patternssomeseparatosymbolsareignored.

After the identificationof acrorym and definition candidatesand genera-
tion of their correspondingpatternsthe Acronym Findercompareghe pattern
pair with patternpairs storedin the Acronym Rulebasg and returnsone or
more correspondind-ormationRules. Formation Rulesexpressthe way how
an acrorym is formedfrom its definition. Finally the returnedsetof forma-
tion rulesis appliedto definition candidatein orderto validatethe acrorym
candidate.The formationrule < wwswccg, (1, f)(2, f)(4, f) > canbeinter
pretedin the following way: take initial letter of the first, secondand fourth
word in the definition and omit the stopword (third word). In this way the
acrorym "USA” is constructedrom the phrase’United Statesof America”.
Currently the Acronym Rulebasecontainsa collectionof ca. 50 handcrafted
formationrules,which canbe extendedby machine—learningechniquegRoy,
2001).NotethatalreadyrecognizedNEsoccurringin animmediatecontext of
acrorym candidatesireusedaspreferreddefinition candidates.

4. Diagnostic Tools

In orderto reducethe time for adaptatiorof the systemto new scenarios,
a diagnostictool for automaticpredictionof bestsystemconfigurationis pro-
vided. The optimal configurationrespectrely precision,recall or f-measure
canbe computedoy meansof anannotatedext corpusprovided by the user
anda setof candidateconfigurationgworkflow schedules).A configuration
candidateis an orderedlist of instancef processingesources.The setof
configurationsanbe automaticallycomputedwhich is donein thefollowing
way. Firstly, the userselectsavailable linguistic resourcesg.g. static NE—
lexica, patternsets,etc. Subsequentjythe systemgenerates setof all corre-
spondinginstanceof processingesources.Finally, for eachelementof the
power setof this set,all possiblepermutationsarecomputed.Thesepermuta-
tionsconstituteconfigurationcandidates.

Sincethe numberof all permutationdor a larger setof instancef pro-
cessingresourcess ohviously too numerougo be computedefficiently, sev-



eraloptionsmay be usedfor reducingthe numberof configurationcandidates
to be considered.Firstly, the usermay restrictthe numberof potentialcan-
didatesby defining partial linear precedenceonstraintge.g. "componentX
cannotbe usedbeforecomponenty”) or by usingotherfilters suchas: "con-
sideronly configurationcandidategonsistingof threecomponents” Besides
the option of computingall permutationsseveral efficient heuristicsfor pre-
dicting best/nearoptimal configurationanay be applied. For instancejn the
"bottom—up”heuristic,we firstly evaluateall configurationsonsistingof sin-
gle componentsindusek top scoringcomponentsvrt. the chosermeasuren
orderto generateonfigurationcandidategonsistingof two componentsFur-
ther, we evaluatethe two—componentonfigurationsaand proceedn the same
way until configurationsconsistingof maximalnumberof component$have
beenevaluated. For avoiding unnecessaryecomputationsve use cashing—
techniques.

Furthermoretheusermayalsospecifyhis preferredconfigurationsandedit
the automaticallycreatedlist of candidateconfigurationsfor fine—tuningthe
evaluationprocess.The bestconfigurationsare presentedo the userin form
of rankedlists accordingo the choserevaluationmeasurewherethethe eval-
uationprocessanbedonein two fashions:exactvs. partialmatching(i.e. left
or right boundaryof therecognizedntity matcheswith the entity annotatedn
thetestcorpus).

For the sale of clarity we summarizehe configurationoptionsof all com-
ponentsn thetableof figure 6. Thefollowing examplescenaridllustratesthe

Configuation Options

Components | Multiple Instances]| Main Configuation Options
Tokenizer yes Languageanddomainadaptve
tokensubclassification
| Lexical Processor || no | no |
Context Explorer yes Varioussizeof context window
NE-typedisambiguation
GazetteeChecler yes Filtersfor selectingtext passages

to beanalyzed
Lexicon Prioritization

Acronym Finder || yes | 2 acrorym recognitionstratgjies |

PatternMatcher yes Rule Prioritization
Variousbacktrackingoptions
Longestmatchvs. collision match
Predicateorderandnumber
ConsumingalreadyidentifiedNEs

Figure 6.  Overview of the ConfigurationOptions



importanceof the diagnosticfeatureof the system.Let usassumehatwe are
interestedn the recognitionof compaly and personnames. The setof lin-
guistic resourcesontainsof gazetteerdor first andlast names,anda setof
patterndor recognitionof persorandcompary namesLet A denotethework-
flow scheduldn which we firstly apply GazetteeChecler and subsequently
the PatternMatcher;andlet B denotethe workflow in which the above pro-
cessingesourcegreappliedin revertedorder Assumingthatwe usethe pat-
tern [TOKEN:PERSON o STRING:& o TOKEN:PERSON] for recognition
of compary names(which is obviously more reliable than the pattern[TO-
KEN:FIRST_CAPITAL o STRING:& o TOKEN:FIRST_CAPITAL], the work-
flow scheduleA seemdo be superiorto B in orderto identify "Alexander&
Alexander’asa company name.

Now, let us considerthe following phrase:”Der Muller Klaus Kinski” —
themiller KlausKinski, whereMdiller is avalid lastnamein German.For rec-
ognizingpersomamesve would expectto achieve goodcoverageby applying
following patterns1) [(POS:UNKNOWN) "o TOK EN:ENDS_WITH_SUFFIX_SKI1],
(2)[TOKEN:LAST_NAMEoTOKEN:FIRST_.NAME] and(3) [ TOKEN:FIRST_NAME
oTOKEN:LAST_NAME]. B is superiorto A in orderto identify the text frag-
ment "Klaus Kinski” as personnamecorrectly (only pattern(1) matches).
If the applicationof GazetteerChecler precedeghe applicationof Pattern
Matcher(workflow scheduleA) two colliding personnameswould be iden-
tified ("M Uller Klaus” — pattern(3) vs. "Klaus Kinski” — pattern(2)and(1)).
Note thatit would be only possiblein the collision matchmodusof the Pat-
tern Matcher This exampleprovesthat both workflow schedulesxhibit ad-
vantagesand disadwantagedor recognitionof differenttypesof NEs, which
validatestherelevanceof the diagnostictool.

Further the list of top—scoringconfigurationsmight give an insight into
the contrilbution andusefulnes®f the particularprocessingandlinguistic re-
sourcesbeing used. In this way, time and spaceexpensve resourceswhich
do not significantly contritute for achieving goodprecisionandrecallvalues,
canbe eliminated. In particular the information concerningbestconfigura-
tionsfor differenttext fragmentsallows for meging differentworkflow sched-
ules.Thefigure 7 shaws precisionandrecallvaluesfor someworkflow sched-
ulesdedicatedor compaly namedetection.For solving this task,we useda
gazetteefor compary namegCOMP-G),containing3271entries,anda setof
ca. 30 recognitionpatternd COMP—-PM).Further we allowed to useContext
Explorer (CE) and Acronym Finder (AF). For the evaluationwe useda test
corpus,consistingof businessnews articlesfrom the Germanbusinessnews
magazinéWirtschaftsvache” (200000tokens).



Evaluationof someWbrkflow Candidates
Workflow Candidates|| Precision [| Recall
|COMP—G || 89,2% || 24,5% |
| COMP-PM || 93,9% || 76,33%|
COMP-G 83,83% || 30,1%

CE

COMP-G

CE 95,19% || 86,76%
COMP-PM

COMP-G

CE 95,1% 87,09%
COMP-PM

AF

COMP-PM

COMP-G 94,4% 86,5%
CE

AF

Figure 7.  Evaluation

5. Summary

Rolust NE—recognitionis prerequisitefor successfullyperforming other
more comple extraction and mining tasksin the context of businessinfor-
mation systems.Most of the recentresearctin the areaof extractingnamed
entitiesfrom free texts centersaroundsystemdailoredto a specificdomain.
This paperdescribesa Domainand Taskadaptve NamedEntity recognition
frameawork. It consistof several clearcut subcomponentwhich canbe flex-
ibly andvariably combinediogetherin orderto constructa task—specifiécNE—
recognitionengine.Further it providesa diagnostictool which aimsto auto-
matically predictoptimal configurationof the system(e.g.,which processing
andlinguistic resourcedo use)in a given scenario.In this way the one can
speedipthetime—consuming@daptatiorandoptimizationprocessThesystem
hasbeenmainly implementedn JAVA, exceptthe Finite—StateToolkit, which
hasbeenimplementedn C++. To our knowledgeno similar NE—-Recognition
toolshave beendescribedn theliterature,andthereforeit is difficult to com-
parethe presentedramevork with otherapproaches.

Currently we continuetestingthe systemon texts dravn from the financial
domainusinglarger amountof instancef processingesourcesn orderto
evaluatethe configurabilityfeatures.Futurework will focuson integrationof



trainableagentsbasedon machinelearningtechniquedor discosering NE—
recognitionpatterns(Bikel and Weischedel, 1997), which could be applied
whensuficient training datais provided. Further we intendto investigatethe
usability of integrating an ontology component(e.g. for synorym recogni-
tion). Finally, additionalwork will be spenton improving the techniquedor
approximatiorof bestsystemconfiguration.
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