Using Markov Modelsfor Named Entity recognition in German newspapers

Marc Rössler

Gerhard - Mercat or Univer sityof Dui sburg

Computational Linguist ics

Geibelstraße 41

D - 47048 Duisburg marc.roessler@uni - dui sburg.de

Abstract

This paper descri bes prelimi nar yexperiments for a system of named enti tyrecogniti on i n

German newspapers. The approach is based on second order MarkovModels trai ned on a tagged corpus. No gazet teers are used, onlya li st of wor ds providingevi dence is int egrat ed.

These wor ds are ext r acted bystatisti cal met hods from an annotated corpus. The input basical lyconsi st s of a part of speech tagged text, except the words occurri ng i n t he gained li st, which replace the t ags with their word form. The experiments invest igat e in how far such a l imi ted approach is suit able for Ger man and show that i t provi des some evidence.

However , of course, i t has to be enhanced.

1 Introduction

The recogniti on of named entit ies (NE) deals wi th the detecti on and categorization of proper names.

Whi ch elements coun t as NE and which factors define these categories is not always clear and depends on the applicati on. Frequentl yused categori es are persons, companies and / or organizations, locations and sometimes temporal and numer ic expressions. The resulting dat a can be ut ilized for information extraction, information r et rieval , topic detecti on, summarization and other natural language appli cat ions. Various methods are appli ed, rangingfr om veryl arge li sts to di fferent st atisti cal and machi ne lear ni ng approaches.

If l ar ge l ists containing proper names are available, the usage of t heir items is especi allysuitable for NE which occur often. Nevert heless, there will always be a lack of coverage, especiallyin l ists of companies, which tend t obe out of dat e rapidly, si n ce new companies with new names are founded veryoft en. However, also list s of person names have t obe verylarge and are still far from being compl et e.

A second aspect of t he t askconcerns the vari at ion of NE. Since al l occurr ences referri ng t oa part icu lar categoryhave t obe found, i t is not sufficient t odetect, for example, "IBM", as this companyis also named "Int ernati onal Busi ness Machines Corporati on"and "Bi gBlue".

The task is especial lydi fficult in German, because not onlyproper nouns, but a lso regul ar ones are capi talized in German. Addi tional ly, adjectives der ived from geographical names are onlycapi talized when theyend with "er". As an exampl e the adjecti ve "deutsch"( engl. "German") st arts wit h a lower case in cont rast to "Schwei zer"(e ngl . "Swiss"). This means that capital izat ion, an important feature for most systems of NE recognition, i s not that valuable in German.

This paper report s some preli minar yexperiment s for NE recogniti on in German newspaper texts. The approach i s based on s econd order MarkovModel s trained on a tagged cor pus and does not use any gazet teer s. Therefore, the question to answer is: In how far i s an approach whi ch is li mited to a t rigram windowand does not exploi t additional knowledge sources, appl icabl e for the German l anguage?

The Comput er Zeitung , a German comput er magazine, was sel ect ed as research corpus. It appears weeklyand al l i ssues fr om 1993 to 1996 (CZ 1998) are avail abl e on CD - ROM.

2 Approach

When inspect ingtext s for the purpose of i dentifyi ng NE, i t i s obvious that there are some words which can i ndicate the occurrence of a NE. Accor di ng to McDonald (1996), there are two complementary kinds of evidence: Internal evidence is taken from within the NE, while external evidence is provided bythe context in which a name appears.

For some words i t is nearlycert ai n that theyare a part of, followed or preceded bya part icular NE. For other words, t his is onlysometimes the case. Examples of the former are "Mr"or "Prof.", followed bya proper name. Examples of the lat ter are companynames foll owed by"takes over"or "produces". Rule based systems tr yt out ilize this phenomenon i n t wo steps: Fi rst, wor ds i ndicati ng a NE are col lected.

Second, rules are wri tten takingthe occurrence of ot hers wor ds as wel l as other evi dence into account, such as part of speech, the appear ance of upper and l ower case let ters etc. Combined with addi tional heuri stics, gazetteers or other lists containingproper names, such an approach produces good result s

(e.g. Vol kand Clemati de , 2001), but requires a great deal of laborious wor k. Furthermore, rel yi ng on avai labl e list s is onlypossible, if t heyare kept continuouslyup to date.

The basic idea of our approach is the use of Markov Model s as a "l azy"method of patt er n matching ide ntifi cat ion. "Lazy"i n this respect means that in the prototype neit her handcrafted lists of words indicating NE nor anyhandcrafted rules ar e empl oyed.

Markov Models are finit e state automata wit h pr obabilist ic state transi tions and symbol emi ssions. The y are defined bythe probabilit yof the state transiti ons and the probabi lityof emi tting an output symbol bya parti cular st at e. TnT ( Brants, 1998, 2000), the i mpl ementati on of the Mar kov Model used, was originallydesigned for part of speech tagging. It is a second order Markovmodel, which means that the transiti on pr obabilit ies are cal culat ed considering t woinstead of onlyone pr eceedingstate. TnT generates probabili ties from a t agged corpus and st or es t hem in a lexi con and an n - gram file. The lexicon fi le cont ains the frequencies of t he t oken and the tags it occurred wit h. The n - gram fil e contai ns the contextual frequencies for uni - , bi - and tr igrams. Due t ot he sparse data problem, the generated tri gram probabi liti es cannot be used di rectly. Ther efor e, the n - gramprobabili ties are smoothed bylinear interpolation.

The design of our system’s input was motivated bydealing with t he sparse data problem as wel l as by provi ding internal and external evidence. Therefor e, the input basi call yconsists of par t of speech tags except t he wor ds t hat seemed t obear evidence for the occurrence of a NE. Wi th this i nput we intended that t he model learns some of the specific pat terns of the part of speech tags wi thin and surrounding a

NE. At the same ti me, it was supp osed to consider words i ndicati ng a cert ai n NE cat egory.

Three categori es of NE were t obe recognized: PERSON, ORGANIZATION and LOCATION. In the begi nning, we attempted to workwit h four different cat egories of NE: PERSON, LOCATION,

COMPANY and ORGANIZATIO N. However, the disti ncti on between COMPANY and

ORGANIZATION, which should distinguish profi t from non - profit organizat ions, was given up, since the annotation was oft en vague. Mor eover, the first results were disappointi ng for the detection of

ORGANIZATIO N. So t hese t wo categori es were subsumed under ORGANIZATION.

Previ ous research on NE recogni tion mainlyfocused on English. Approaches using learningalgori thms li ke Hidden Markov Model s (e.g BBN’s Ident iFi nder, Bikel et al. 1999; most recent Zhou and Su, 2002) or Maxi mum EntropyModel ling (e.g. MEME, Bort hwicket al. 1998) were among the best performing at t he MUC - 7 (Message Understanding Conference 1998). Mikheev et al . work wi th a hybri d approach combi ning rules with maximum ent ropymodelling (Mikheev et al. 1998). Theyalso report experiments on the impact of gazet teers, running thei r syst em with a full , a limit ed and wit hout anygazet teer

(Mikheev et al. 1999).

Syst ems for NE recognition in German are rare. Vol kand Cl emat ide (2001) used precompi led li sts for locations and persons and miscellaneous patterns t odetect companynames. Theyrepor t a precision of

92% and a recal l of 86% for person names. Companies are recognized wit h a precision of 76% and a recall of 81%, locations with a precision of 81% a nd a recall of 91%. Neumann and Piskorski (2000) descri be a system for i nt el ligent text extraction which incl udes a NE recogniti on based on finite st ate machi nes and several knowledge sources. Theyreport a precision of 95% and a recall of 85%, but it i s n ot clear whether theydescri be the detecti on of NE in contrast t oregular nouns or the cl assification of

NE.

3 The corpus annotation

The manuall yannotated corpus consi sts of about four i ssues of t he Comput er Zeit ung (CZ 1998) from the year 1996. It contai ns about 100 000 tokens and was annotated bya st udent wit h a simple HTML editor wit hi n 20 hours and wi thout anyot her annot at ion t ocheckt he results. The categori es used to annotate were PERSON, ORGANIZATON and LOCATION.

Problems duringthe annot at ion c oncerned the above mentioned dist inct ion between COMPANY and

ORGANIZATION, which was di fficult, often t oo vague and thus given up. The status of newspapers and onli ne portals like "AOL"was not cl ear either: Does t he name refer to the publi shi ng companyor t o the publicati on? However , as this was not our actual t opic, t he problem was solved using annotation gui deli nes l ike "never annotat e newspaper s"or "always annotate online portals"etc. Table 1 shows the number of NE found in the corpus and t he number o f t okens theyconsi st ed of.

categor y PERSON ORGANI ZATION LOCATION number of NE 824 2769 1450 number of tokens 1404 4249 1506

Table 1: Occurrence of NE in the annotated corpus

To perform a tenfol d cross - validation, t he corpus was divided into ten par ts. N - fold cross - validation is a method t oensure that r esult s are not based on unrepresent ative testing data. Therefore, all experiment s are repeat ed n - ti mes, each time holding out a different n/10th to t est the tr ai ned model .

4 Extracting evidence

As st a ted above, the input basicall yconsists of part of speech tags except t he words t hat seemed t obear evidence for the occurrence of a NE. This secti on describes the ext ract ion of words providinginternal and external evidence to t he model and thus will be i ntroduced wi th t heir word form. All steps descri bed in t hi s secti on were al soperformed accor ding to t he tenfold cross - validation mentioned above. In keepingwith our aims t o gain words i ndicati ng particular NE categor ies from our corpus, we developed a si mple stati stic t echnique to extract them.

All words occurring around a t ag within a wi ndow of twowords before and two words after a NE were stored first. The chosen frequencythreshold three led to about 600 tokens. Ever yentrycont ained the information about the positi on and the particular NE categoryit occurr ed nearby. Whenever, for instance, t he word "Boss"was seen immediatelyi n front of a person’s name, it was stored as

1_before_PERSON . Si nce there are four window positi ons and three NE categori es, t he r esult is limit ed to a maximum of twelve classes of i ndicators.

To reduce the noi se i n t he l ist, i t seemed reasonable to use a TF*IDF weighting. The TF*IDF rates terms bycalcul at ingt he Term Fr equency(TF) i n r el at ion t othe Inverted Document Frequen cy(IDF) and is common i n informati on retrieval. The TF*IDF weighting was combined wi th a measure that descri bes the probabi lityof occurringat a parti cul ar position and a particular NE category. Thi s measure serves to dist inguish a word which, for i nst an ce, always occur s immedi atelyafter a parti cular

NE categoryfrom another word which occur s evenlydist ribut ed at different positions and near di fferent categori es. With a threshol d based on this measure, we cert ainl ywoul d not extract words li ke "CEO", si nce it is often seen at two positions: Immedi atelyprecedi ng PERSON and two words befor e

ORGANISATION. Therefore, we decided to define a second threshold t oextract such words, t oo. The two t hr esholds were defined the followi ng way:

· The first requires a w ord to occur with a probabilit yof 0.7 at the same positi on and a TF*IDF threshol d of 0.5. As an exampl e, a word occurring ten times in the settl ed wi ndow of two words befor e or aft er anyNE has to occur at l east seven times at t he same posit ion of a parti cular NE category. Addi tional ly, i ts overall frequencymust not be hi gher t han 20.

· The second threshold requi res a wor d t obe seen with a pr obabilit yof 0.8 at t wopositi ons. This means, for instance, that a word occurri ng 10 times i n the set tled window sh oul d occur 4 times i n front of a person name and 4 t imes after an organization to fulfi l t he r equirements. Addit ionall y, the same TF*IDF of 0.5 was used.

The extracted list contained about 140 ent ries on average and seemed to be similar during the ten runs and relativelyfree of noise.

All words appearing wit hin an organi zat ion with a fr equencyof at least four were extracted fi rst. Since our approach avoi ded anygazetteer - li ke information, all entr ies referring to a part icul ar organization had t obe remov ed. Therefore, a l ist of negative ent ries was collected, consisting of a l ist of si ngletons and a list of t okens occurring together. The former was used to remove entries li ke "Microsoft"or

"AOL", t he l at ter served to remove entries like "Big"and "Blue" or "U.S."and "Robotics". Entries l ike these wer e removed whenever the combi nati on of the tokens (i n these cases "Big Blue"or "U.S.

Robot ics") was seen wi th a frequencyhigher than 0.8.

The resulti ng l ists, consisti ng of about 100 el ements, showed expect ed ent ries li ke "Ltd.", "GmbH"and

"communications", but also some locat ions li ke "Hamburg"or "Deutsche". Although t heyclear ly belong t othe cat egoryLOCATION, t heywere kept, since thei r quanti tywas li mited and theywer e part of an ORGANIZATION and not a LOCATION. A TF*IDF weighting was applied but di d not show anyeffect .

The same was done for the cat egoryLOCATION wi th a frequencythreshol d of only two . As expected, there were almost no resul ts: Only"Bad", a common part of German vil lages, "New"and "San"were extracted. However, for a larger li st and in combi nati on with a compound anal ysi s,t hi s techni que would easilyextract frequentl yoccurring part s of locat ion names like "St.", " - bur g"or " - dor f". The categor y

PERSON was excluded, because it wou ld onlygenerate a list of last names.

5 Preparing the i nput

Before t agging, t he text had to be tokenized. During t okenization, a dat abase t able containing abbreviati ons endi ng wi th a dot was consul ted to di stingui sh dots at the end of a sent ence from thos e belonging t oa word. Entr ies refer ringt he magazi ne like the issue, the art icle and the author were marked up, sothe tagger ignored them.

The part of speech t agging was also done wit h TnT, usi ng the pre - defined model for German (Br ants,

1998) which is trained wit h the Stut tgart - Tübingen - Tagset ( Schiller et al., 1995). The model attempts to differentiate between regular and proper nouns without a furt her categor ization of t he l at ter. Yet, as repor ted byMüller and Ule ( 2001), this di st inction is error - pr one and causes 25% of the part of speech taggingerrors. Tagging accuracyof TnT trained on German Text is highl ydependent on whether a word was seen dur ing the trainingor not (86.6% vs. 97.7% accuracy, Br ants, 1998). Since our corpus i s full of computer vocabularyand thus contains nearly18% of unknown wor ds on average, a limit ed taggingaccuracymust be assumed.

The output of the part of speech tagger was slightlymodified: An additional " x "is concatenated to al l part of speech tags bel ongingto word s which solelyconsist of capit al s. Usually, t heywere t agged as noun or proper noun. It seemed r easonable, since that charact er istic i s evidence for being a companyor an organizati on name.All entri es tagged as adjectives, startingwi th an uppercaselett eroccur ringwithin and not at t he begi nning of a sent ence are tagged as ADJAx for the same reason. The tagger’s out put after these slight modi fications can be seen i n the first column of table 2.

Modi fiedOutput of the POS tagger Basel ine

...

<lo c>

Südkoreas NE NE loc_B

</loc> größter ADJA ADJA O

Halbleiterhersteller NN NN O

<org>

Samsung NN NN org_B

Electronics NE NE org_I

</org> hat VAFIN VAFIN O mit APPR APPR O dem ART ART O

<loc> französischen ADJA ADJA loc_B

</loc>

Halbleiterproduzenten NN NN O

<org>

SGS NEx NEx org_B

Thomson NE NE org_I

</org>

...

Table 2: Modi fiedoutput of the POS tagger in the first col umn;

the second col umn shows the same data after tag projection

6 Experiments

To train t he recognizer, t he tags are projected onto the parti cul ar entries. Therefore, the IOB - representati on was used. B denot es the first token of a NE, an I anynon - initi al word of a NE and an O i s assigned t oall t okens not belonging to anyNE.

Witho ut integrating the ext racted list of wor ds providingi nt ernal and external evi dence or anyfurther modi fications, t his is exact lythe form of our baseline and can be seen in the second col umn of t abl e 2.

To find out whether t he recogni zer learns some of th e specific patterns of the part of speech t ags within and surrounding a NE and whether there were anyimprovements byintegrating our indi cat ors into the corpus, the recognizer was trained on such an input .

For the act ual experiment we brought our list of NE indi cat ors into the training corpus. As menti oned above, t hi s list contained ent ries provi di ng internal as wel l as entries providingexternal evidence. The integration of words providingint ernal evidence was obvious: When replacing the part of speech t ag wit h the corr esponding word form, the model l ear ns t he frequencyof the token and the tags it occurred wit h. These probabil ities generat ed dur ingthe training are stored in the lexicon fil e. In a randomly chosen lexi con fil e, for example, the token "cor p."occurred six times in the trainingdata and was always tagged as a part of ORGANIZATION. The token "engineeri ng"was seen twel ve times and was tagged ei ght times as ORGANIZATION and four times as not belongingto anyNE category.

For the words providi ngext er nal evi dence, a differ ent method was necessary. Since these words usually donot occur within a tag, the same procedure onl yenabled t he recognizer t ol earn that t hese words occurred n - ti mes during the t rainingand were t agged n - ti mes with t he tag O . To provi de the model with this external evidence, we had to bringt he probabil ities of occur ringin front or after a particular NE categoryinto the n - gram file. Ther efore, additi onal tags were introduced in two different ways. The input of both experim ents can be seen i n table 3.

Experi ment 1

The recognizer was trained to t ag everyword provi di ng external evidence uniquely, for which we chose the word form. Apparent ly, this l ed t oan i ncrease of the tags to be learned, but si nce these words are always t agged the same wayin t he t rainingcorpus, theyare stored in t he l exicon fil e wit h a probabi lity of 1 to occur with the speci fic tag. However, of course, t he n - gram fil e had to store everytri - , bi - and uni - gram transiti on probabi lityof the new tag.

Expe riment 2

To reduce the si ze of the n - gram file, the second exper iment at tempt ed to ut ilize the infor mat ion delivered from t he t wodi fferent thresholds we descr ibed above. The first t hreshold was desi gned for words usuall yseen at the same posit ion of a par ti cular NE categoryl ike "Boss"in front of a persons name or "kauft"(engl. "sells") one posi tion after ORGANIZATION. Al l these words (about 70% of all entries) occurri ng at t he same posit ion of t he same cat egoryoriginal lytagged wit h t he same part of sp eech were label ed with a specific t ag. Assumingthat all these wor ds provide a simi lar probabili tywe equali zed t heir likeli hood of indicatinga particular NE. As an example, finit e ver bs in the li st, occurring in front of PERSON, were tagged as 1BPER_VVFI N . In a randomlychosen lexicon file there are nine verbs occurr ingwi th t hat t ag. All of them are verbs of expr essi on like "erklärt"(engl . "explai ns"),

"hofft"("hopes") et c. In the correspondi ng n - gram fil e the tag 1BPER_VVFIN is listed wi th an overall occurrence of 48. The model learned (besi des other n - grams of the tag) t hat the next tag was 28 ti mes a

NE of t he categor yperson, in 19 cases followed bya second person name and nine times bya non tagged t oken.

All words which crossed the second t hresh old (i.e. for words not occur ringal ways at the same position but nonet heless seemingto pr ovide reliable evidence) were tagged with their word forms like in experiment 1.

Experi ment 3

Just to see how additional i nformati on resources influence t he r esult s , a last experiment was conducted.

During the ext raction of the words pr oviding evi dence, all words occurring wit hi n a NE were stored in the list and t herefore introduced with thei r word form. No further opti mization, like an addi tional fil tering of the l i st or the bel ow descri bed "l earn - apply - forget"filter, was performed.

Correspondingwords Input Experiment 1 Input Experiment 2

...

Südkoreas NE loc_B NE loc_B größter ADJA O ADJA O

Halbleiterhersteller NN O NN O

Samsung NN org_B NN org_B

E lectronics Electr... org_I Electr... org_I hat VAFIN O VAFIN O mit APPR O APPR O dem ART O ART O französischen ADJA loc_B ADJA loc_B

Halbleiterproduzenten Halbleit... Halbleit... Halbleit... 1BORG_NN

SGS Nex org_B Nex org_B

Thomson NE org_I NE org_I

...

Tabl e 3: The Input of Experiment 1 and Experiment 2

Table 3 shows a small secti on of t he i nput of t he exper iment 1 and the experi ment 2. It onlydiffers in the word "Hal bl eiterproduzent en"which was ext racted from t rainingdata, si nce it oft en precedes an

ORGANIZATION. In experiment 1, the model i s t rained to assi gn a unique tag i dentical to the correspondi ng word form t oal l these words. In experi ment 2, words occurring at the same posi tion of the same cat egoryoriginallytagged wi th the sam e par t of speech were assigned wi th a corporate tag.

1BORG_NN t herefore means "one positi on before ORGANISATION, word tagged as noun".

To increase the likelihood of findingsuch words, a shal low compound analysis was implemented.

Especiallysi nce Ger man co mpound deri vat ion is veryproductive, it seemed appropriate. The compound anal ysi s handles hyphenated compounds (e.g. "Bull - Gruppe"). Furthermore, it i s checked whether the last part of everyword which is tagged as a noun and consist s of more then seven l etters, corresponds to a l ist entrywith at least four let ters.

Aft er t raininga model on ni ne parts of the annot ated corpus, it was appli ed to the ident icallypre - processed tenth part of the corpus. This procedure was repeated ten t imes for each exper ime nt in the tenfold cross - validation manner described above.

Before compari ng t he output of the recognizer to t he manual lyassigned tags, a "learn - appl y - forget" fil ter, described in Volk and Clemat ide (2001), was used. It stores all NE found within an a rti cl e, then the article i s "read again"and those NE whi ch have not been found previouslyare marked up if they have been identi fied at other positions wit hi n the same ar ticle. After an arti cle is processed, the system

"forgets"the learned NE. This seems adequate, since even human readers sometimes have problems categori zi ng an isolated token, for example, a token occurr ingi n t he header maycause t he reader to search for other occurrences of the t oken.

7 Results

Aft er having appli ed the above described " learn - appl y - forget"fi lter, the out put of the NE recognizer was compared to the manual lyannotated versi on and precision and recal l were calcul ated for every category. Precisi on describes how accuratelythe recognizer works: It i s the number of all the correctly recognized t okens of a part icular categorydivided bythe number of all t he tokens the recognizer marked as belongi ng to t hat category. Recall describes the quantit yof the recogni zer ’s result: It i s the number of correctlyrecogni zed NE tokens divided bythe number of NE tokens found in the manuall y annotated corpus.

PERSON ORGANI ZATION LOCATION

Basel ine P: 42 R: 69 P: 36 R: 35 P: 42 R: 5

Experi ment 1 P: 55 R: 90 P: 54 R: 57 P: 69 R: 32

Experi ment 2 P: 55 R: 89 P: 54 R: 56 P: 69 R: 32

Ex peri ment 3 P: 71 R: 78 P: 85 R: 62 P: 86 R: 77

Table 4: Results: P = Precision, R =Recall

When comparing the results t o other systems, it i s apparent that t he values are low in gener al . Yet we should recall t hat the approach does not use anygazet teer - l ike information sources and works wi thin the limit ed cont ext of tr igrams. When i nt erpret ingthe results of the baseline, we can see that it i s possi bl e for the recognizer to learn some of the specific pat terns of the part of speech tags wit hi n and surround ing an ORGANIZATON or a PERSON, albeit on a veryl ow level . However, it seems t obe impossible for LOCATION. Thi s corresponds to our expectation, since LOCATIONSar e often surrounded bypreposit ions l ike "i n"or "aus"which are veryfr equent in German and not specific for

LOCATIONS.

Comparingthe experiments t othe baseli ne, it is obvi ous t hat the ut ili zati on of the statist icallyextracted li st pr oduces an effect. The recall for PERSON i ncreases about 20% whil e precision increases only

10%. Both val ues for ORGANIZATION increase about 20%, but are still far from beinguseful. The results of t he t woexperiments differ veryslightly, which means that i t is appropri at e to bundle words wit h similar features.

Experiment 3 shows t he str ong effect of using gazette er - li ke information, even when it has j ust been extracted from an annot at ed corpus. Especiallythe results for LOCATION were extremelyi mproved.

Preci sion increased for PERSON and ORGANIZATION, whil e r ecall di d not show much effect for these two categories .

8 Conclusion and further research

Our preliminaryexperiments show t hat our approach provi des some evidence for t he detection and categori zat ion of NE. Bot h the limit ed context of a trigram wi ndow and the chosen mixtur e of part of speech t ags and stati st icallyextr act ed words faci litate the recogniti on of NE. However , when comparing the result s t oother syst ems, it is obvi ous that the proposed approach does not provide enough evi dence and an extension of our method i s necessary.

When inspect ingthe recog nizer’s output, it is apparent t hat a lot of errors occurred due to the amount of foreign language mat er ial wi thi n the Comput er Zeit ung . Most of t he comput er vocabul aryand a lot of companynames, even German companies, consist of Engl ish t erms. Even i f it was tagged as FM

(foreign material) correctl y, there is t oo l ittl e infor mat ion to decide whether it is a NE or not . Yet it i s verydoubtful i f a more accurat e par t of speech tagger could improve the results.

The second order Markov Model appl ied on word l evel , which reduces the context toa tr igram window, coul d si mpl ybe t oo l imited for t hi s task. Especiall yfor German, which has a veryfree word or der and therefore, the tri gr am window often misses t he verb (in subordinate clauses posit ioned at t he end) , an enhanced appr oach could be more suitable. The use of the Mar kov Model on a chunk level and / or other machi ne lear ni ng approaches could be combined with or r eplace the t rigram approach.

The use of gazetteers seems inevitable, especiallyfor the category LOCATION. Anyfurther improvement seems hard to achieve wi thout it , even when theyhave just been extracted fr om an annotated corpus.

References

Daniel M. Bikel, Richar d Schwartz, Ralph M. Weischedel (1999): An Algor ithm that Lear ns What’s in a Name. M achine Learning (34). Special Issue on Natural Language Learning. pp. 211 - 231.

Andrew Borthwick, John Sterli ng, Eugene Agichtein and Ralph Grishman (1998): Exploiti ng diverse knowl edge sources via maximum entropyin named entityr ecogni tion. In: Proceedi ng s of t he Sixt h

Workshop on Very Large Corpora. Montreal, Canada .

Thorsten Brants (1998) : TnT - A St atisti cal Part - of - Speech Tagger . Saar land Uni versit y, Computational

Li nguisti cs. Saarbrücken. Online available: htt p: //www.coli.uni - sb.de/~t horsten/t nt /.

Th orsten Brants (2000): TnT - a stati stical part - of - speech tagger. In: Proceedi ngs of the 6th Appl ied

NLP Conf erence, ANLP - 2000, April 29 -- May 3, 2000, Seatt le, WA.

CZ ( 1998): Konradin - Verlag. Comput er Zeitungauf CD - ROM. Voll text recherche all er Artikel de r

Jahrgänge 1993 bis 1996. Konradin Verl ag. Leinfelden - Echterdingen.

David D. McDonald (1996): Int er nal and External Evi dence in the Ident ificati on and Semant ic

Categorization of Proper Names. In: Bran Boguraev and James Pust ej ovsky( edit ors) : Corpus

Proce ssing for Lexical Acquisiti on . pp. 21 - 39. MIT Press. Cambridge, MA.

Andrei Mi kheev, Clai re Groover and Marc Moens (1998): Description of the LTG System Used for

MUC - 7. In: Proceedi ngs of MUC - 7. Fairfax, Virginia. 1998.

Andrei Mikheev, Marc Moens and Clai r e Grover (1999): Named Ent ityrecognit ion without gazet teers.

In: EACL’99, Bergen, Norway. June 1999 . pp. 1 - 8

Frank H. Müller and Tylman Ul e (2001): Satzklammer annoti eren und Tags korrigieren. Ein mehrstufiges ’Top - Down - Bott om - Up’ - Syst em zur flachen, robu sten Annotierungvon Sät zen im

Deutschen. In: Henni ng Lobin ( edit or) : Sprach - und Texttechnol ogie i n di git al en Medien.

Proceedi ngs der GLDV - Frühjahrst agung 2001 . Norderstedt . Book on Demand. pp. 225 - 234.

Günther Neumann and Jakub Pi skorski (2000): An inte ll igent text extraction and navigation system. In:

6th Internat ional Conference on Computer - Assi sted Informat ion Retrieval (RIAO - 2000). Paris.

Anne Schi ller, Simone Teufel and Chri st ine Thielen (1995) : Ei n kleines und erweit ert es Tagset fürs

Deutsche. In: Helmut Feldweg, Erhard W. Hinrichs (edi tors): Wiederverwendbare Methoden und

Ressourcen zur lingui st ischen Erschli eßung des Deut schen. Volume 73 of Lexicographi ca Series

Maior. Niemeyer Verl ag. Tübingen. pp. 193 - 203.

Martin Volk and Simon Clematide (2001) : Learn - Fi lter - Appl y - Forget. Mixed Approaches to

Named Ent ityRecogniti on. In: Proceedi ngs of 6th Internati onal Workshop on Appli cati ons of

Natural Language for I nf ormati on Systems. Madrid 2001.

GuoDong Zhou, Ji an Su (2002): Named EntityRecognition u sing an HMM - based ChunkTagger. Tobe publi shed in: Proceedi ngs of the 40th Conf erence of Associ at ion f or Computational Lingui stics

(ACL - 02), University of Pennsyl vania, Philadel phia 2002.