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Abstract
The taggingof NamedEntities (NE), the namesof particularthingsor classesand numericexpressionsjs regardedas an important
componentechnologyfor mary NLP applications TheseapplicationsncludelnformationExtraction from whichit wasborn,Question-
Answering,SummarizatiorandInformationRetrieval. However, up to now, the numberof NE typeshasbeenquite limited, 7 in MUC,
8in IREX and5 in the ACE program. Many morekinds of things have propernamesor properclasseof expressionsandalsofiner
distinctionsareneededor someapplications We now proposea NamedEntity hierarchywhich containsaboutl50NE types.Thefocus
of this paperis the designof the hierarchyandwe would like to provide this resourcefor ary application. We reportthe designand

developmentprocedureof the hierarchy

1. Intr oduction

Thetaggingof NamedEntities,the namef particular
thingsor classesandnumericexpressionsis regardedas
animportantcomponentechnologyfor mary NLP appli-
cations.TheseapplicationsncludelnformationExtraction
(IE), from whichit wasborn,QuestionAnswering(Q&A),
Summarizatiorand Information Retrieval (IR). The first
NamedEntity sethad 7 types(Grishmanand Sundheim,
1996), organization,location, person,date, time, money
andpercentexpressions.The numberof suchentity types
was limited becausehe target applicationof the evalua-
tion wasinformationextractionfor businessactvities. So,
whenwe encounteretheapplicationof “airplanecrashes”
in MUC 7, peoplerecognizedthat a new NE type “air-
plane” wasneededo make an IE systemfor the domain.
In the IREX project (Sekineand Isahara,2000) (IREX,
Homepage)aJapanesH andIE evaluationbasedroject,
anotherkind of expressionartifact, wasadded. This was
donebecauseijn the project, no applicationwas presup-
posedandNE extractionwasthefinal tamget. So,thegen-
eralizationwastaken into account. In the project, it was
foundthatthe new entity type wasquite difficult to detect
andthereweremary sub-typedor thatcategory. Also, in
the ACE program(ACE, Homepage)iwo new entities,
GPE (geographicaknd political entity, a location which
hasa governmentJike U.S.A. or New York) andfacility,
areaddedto pursuethe generalizatiorof the technology
From thoseexperienceswe recognizedhat 7 or 8 kinds
of NE arenot broadenoughto cover generaissuesMany
morekinds of thingshave propernamesor properclasses
of expressionsandalsofiner distinctionsare neededfor

In this paper the term “Named Entity” includes names
(which is narrov senseof NamedEntity) and numericexpres-
sions. The definition of this NamedEntity is not simple, but,
intuitively, this is a classthatpeopleareoftenwilling to know in
newspapeitrticles.
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someapplications.

We have to considerthe domaindependeng of this
type of knowledge,becausalifferentkinds of namedenti-
tiesareneededn differentdomains.But, we arenot aim-
ing to cover specialdomains,like genomics;rather the
targetis more generaltexts, like nevspaperswhich edu-
catedadultscan understandvithout using specialdictio-
naries. In otherwords, we designedur NE hierarchyso
thatit cancover mostof the entitieswhich appeaiin usual
newspapeiarticles,with appropriatébalance.

We now proposea NamedEntity hierarchywhich con-
tainsabout150 NE types. The focus of this paperis the
designof the hierarchyandwe would lik e to provide this
resourcdor ary researclpurpose.

Therewerethreestagesn the development.First, we
designedhreehierarchieshasedon threedifferentmeth-
ods; basedon corpus(newvspaperarticles),basedon pre-
vious systemsanddefinitions,andbasedn thesaurudike
WordNetand Roget. Then, we memgedthe threehierar
chies.After that, we taggeda corpususingthe definitions,
andwe refinedthe hierarchy

2. Designlssues

In orderto definethe NamedEntity hierarchywe con-
sideredatleast,threeissues.

e In orderto adjusteasilyto differenttasks,the types
areorganizedasa hierarchy For example,while we
have 150 typesof NEs, if you needonly MUC’s 7
NEs, it shouldbe easily adaptableto the subset. In
otherwords, we definethe key NE types(like per
son),andthe sub-typesareorganizedunderthe type.
The NEs definedin MUC, IREX and ACE NE are
usedasthe key NEs. At the sametime, flexibility is
consideredso that it canadaptto as mary possible
definitionsaspossible.However, unlike someof the



otherhierarchiesor thesaurithe only relationshipbe-
tweenparentandchild is is-arelationandno attribute
relationship(like personandvocation)is includedin
the hierarchy

e One of the essentiabroblemsin defining NE types
is whetherto take the surfaceform or meaningin the
particularcontext asthe primary classificationcrite-
rion. For example,“Japan”is normallyusedin ageo-
graphicalsensebut sometimeit refersto the govern-
mentof Japan(organization)asin “Japanannounced
ataxcut” In orderto minimizethe ambiguity we try
to take the surfaceform asthe primary clue asmuch
as possible. This approachis usedmainly because
mostof thecurrentNE taggergionotusesemantién-
formationanddisambiguatiorat the NE taggerlevel
is almostimpossible.Sowe introducedthe NE types
“GPE" (geographicabnd political entity, following
the ACE definition)and“GOE" (geographicaandor-
ganizationalentity, which canrefer to a locationas
well asanorganization)ike amuseuror airport).

e The definition of what is a Named Entity is am-
biguous. At first glance, NamedEntity looks like
proper names(namesof things; typically capital-
ized) and numericalexpressiongnumberof things).
However, oncewe include,for example,artifact, we
have a problemthat there are things besidesproper
nameswhich shouldbe includedas NamedEntities.
For example,is the nameof a car, like “Integra” or
“Odyssg” a propernoun? We certainlywantto in-
cludethis asa namedentity, asthe NLP applications,
like MT, IE, IR or Q&A will benefitif theseareiden-
tified asnamedentities.However, preciselyspeaking,
thesenamesarenameof classesndnotthenamef
specificcars(the particularcar| have). Thisis differ-
entfrom the problemthat morethanone personcan
have the samename,asthe name“Integra” denotes
someconcept,‘class”. If you acceptthis agument,
thenwe have to decidehow far we wantto go into
the classto be namedentity. We basicallydecided
thatclassnamedike color, type of airplane,material
name animalnameareincluded,aswe thoughtthese
are usefulif we know its class. However, ordinary
wordslike“cup”, “feelings” or “tear” arenotincluded
asnamecdentities. Theborderis unavoidablyambigu-
ous,andsomearbitrarydecisionwasnecessary

e Thedegreeof finenesanbearbitrary For example,
the“person”classcanbedividedby differentcriteria,
like gender nationality occupation,ageetc. How-
ever, we avoided dividing a classif the division de-
pendsprimarily on its contet ratherthanthe name
itself. For example,the genderdistinctioncanoften
beachievedby justlooking atthe personsfirst name,
but occupatiorcant.

2.1. Procedure

Therewerethreestagesn thedevelopmenbf thehier
archy:
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2.1.1.

1. Usethreemethoddgo designthreeinitial hierarchies;
corpus-basedhasedon previous systemsand tasks,
andbasedn thesauri.

2. Mergethethreehierarchieshile engagingn discus-
sionsincluding more thanthe three peoplewho de-
signedtheinitial hierarchies.

3. Refinethehierarchyby taggingadditionalcorpusand

developingautomatictaggers.
We will describesachstagein turn.

Initial Hierar chies
First, we usedthreemethodsto designtheinitial hier

archiesasfollows;

e Basedonanewspapercorpus

Thisis basicallya bottom-upmethodusingactualex-
amples. We extractedabout3500 candidateNE ex-
pressiondrom a corpus,using surfacecluesin En-
glish. Namely capitalizedwords for proper name
type entities (1500 examplestotal; 500 eachfrom
Wall StreetJournall993,New York Times1994and
Los AngelesTimes 1995) and context for numeri-
cal entities(2000examplesfrom Wall StreetJournal
1993). In practice,we found some peculiaritiesin
the numericalexpressionsyhich we did first, sowe
usedthreekindsof newspaperdor the nametypeen-
tities. We investigatedhe differencebetweerthe ex-
tractedentitiesfrom the threedifferent newspapers,
but we could not identify significantdifferencesbe-
tweenthem.

We madeKWIC for themandassigned\E cateyories
to eachentity basedon the examinersintuition. The
persorwasallowedto assigrtheunknavntag(?), the
tag indicating uncertainty(x) and non-propername
tag (!), someof which areshavn in the KWIC exam-
plein Figure 1. The tag nameswere madeinitially
by intuition, but later the nameswere reviewed and
re-assignedo keepconsisteng throughoutthe cor-
pus.Also, thetypesweremergedor dividedbasedn
numberof examplesandbalancebetweertags.

e Basedon existing systemsandtasks

Thereare mary systemsrelatedto NE. The multi-
ple task IE system(Aone Ramos-Santacruz2000)
suggestedseveral nev NE classes. We analyzed
the TREC-QA task (TREC-QA, Homepage)from
which we induced someimportant NE classes;in
practice, this was quite useful, so we did Japanese
QA analysisin the later stage,aswill be explained
in the next section. Also, similar work wasdoneby
(Sasaki,1999),whodefinednoreNE typesthanused
in IREX.

e Basedonthesauri
Obviously thesaurprovide datacloselyrelatedto the
NE hierarchy We consultedtwo well-known the-
sauri,WordNetandRogetThesaurusThe Rogetthe-
sauruscatgyoriesarerelatively shallov andonenode



at the Anerican Chanber of Commerce in . ORGANI ZATI ON

Century Corporation WIIl Change Qur Work and Qur Lives.'’ s
Book, Cal endar and To-Do List, Checkbook, Household Manager, Financial.. : ?
hi gher offer he wins,’”’ said Chet Needl eman, chief executive.. : PERSON
cl ose to Seagram Chi ef Executive Edgar Bronfman Jr. PCSI TI ON
, Whose favorite flavor is Chocolate Fudge Brownie. PRODUCT *

Figurel: KWIC Examples

in corpusto refinethehierarchymadeby theprevious
systemsandtasksdefinitionbasedmnethod.

containsseseralmeaningssowe mainly usedWord-
Net, with occasionateferencedo Roget.We analyzed
the thesaurusoth top-davn and bottom-up. In the
top-davn method,we tried to improve our coverage
of NE, i.e. not missary importantcateyories. In the
bottom-upmethod we aimedto find NE typesrelated
to thosewe alreadyknew. For example,we searched
thenodesrom "New York” upwardto find something
other than location. The seedsin this searchwere
somepropernounsandthe commonnounsrelatedto

2.1.3. Refinehierarchy

At this point, we had madea hierarchyof about100
types. However, we could not be surethat the hierarchy
coversmostof theentity typesin nevspapetext. We tried
severalmethodgo broaderthe coverage concurrentwith
the developmentof anNE taggerand Q&A systembased
onthehierarchy Five methodsvereused:

e Making andclassifyingQ&A examples

someNE’s. This methodwas particularly usefulin
finding measuremengxpressions.n general Word-
Net makesfiner distinctionsthanwe wanted,so we
couldnotjust copy apartof it for our purpose.

2.1.2. Mergethe threehierarchies

We megedthehierarchieseparatelyor numericalex-
pressionandnametype expressions.

e Numericalexpressions
As we found that the hierarchycreatedby the cor
pusbasedmethodhadthe largestcoverageand best
balance we usedthat hierarchyas the basisfor the
final numerictypeshierarchy Thefactthatthe entity
typesof frequeng 1 arerelatively rarein the KWIC
list indicatesthat the coverageof this methodmight
be fairly good. However, the missingbut meaning-

ful entitieswhich werefoundin the otherhierarchies

areadded.The previous system-basethethodfound
mary domaindependenentities (like computerre-

latedterminology),but we thoughtsomeof themare
too domainspecificandwe did notincludethem. In

thethesaurisomepartsof thehierarchyarevery deep
andsomeareshallow.

¢ Nametypeexpressions
In this category, we usedthe hierarchybasedon the
previous systemsand tasks. In particular types of
QA samplesverequite useful. The corpusbasedap-
proachdoesnot seemto get good coverage,asthe
numberof typesin this category appeargo be much
greaterthanfor the numericalexpressionsWe found
more numberof single frequencieghanthatin the
numerictypeNEs. Thethesaurusnethodfoundwide
coveragehutit is hardto strike agoodbalancevhich

is suitablein newspaperdomain. As the thesaurus

seemto put weight on completenessatherthan on
the balanceof realworld usagewe found mary use-
lesscateggoriesamongusefulcateyories.However, the
knowledgefrom thesauriwasusedalongthosefound
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We made sampleQ&A in Japaneseaising method
similar to the TREC8-QAtask. More than 10 peo-
ple mademore than3000 Q&A sampleshy looking
at the newspapersand we assigneda type to each
Q&A basedon the hierarchy Whenwe thoughtwe
needed new typewhich is importantandgenerain
thenewspaperdomain,we addedt to the hierarchy

Find NE examplesindirectly

We wantedto tag sentencessingthe hierarchyin or-
derto male training andtestdatafor the NE tagger
However, someof the typesare relatively rare. So
we first extract sentencesn which an exampleof a
certaintype is expectedto be found. As we don't
wantto createa biasedcollection,i.e. “person”type
collectionin which only the personname“Clinton”
is found, we took the following approach.We asled
peopleto comeup with somewordswhich arelikely
to collocatewith a certaintype,andtagthe sentences
with thetype. We still cant remove the possibility of
bias, but judging from our results,it worked reason-
ablywell. Again,if we encounteexampleswhichdo
notfall into anexisting type,we adda new type.

Find NE examplesfrom the Web

We collectNE examplesfrom Weh This aimsto cre-
ateNE dictionary but atthe sametime, we foundsev-
eral new categorieswhich we think importantin the
newspapeidomain.

TaggingKatakandn Japanese

In Japaneseborraved words are often written in a
specialcharacterset, Katakana. At the moment,we
could not find a good dictionary for Katakana,par
tially because¢hesetypesof wordsarecreatedalmost
every day We taggedthe most frequentKatakana
words in somerecentnenspapers. In this process,
we also addednen NE typesto the hierarchy sur
prisingly not only new kinds of terms,like computer
terms,but moregeneratypeslike “STAR”.



e Classifycommonnouns
We alsoclassifycommonnounsbasedon the hierar
chy. Thisis mainly for the purposeof finding types
of questionsn Q&A system.We useda existing the-
saurudor thestart,but upto now, we did notaddnew
typesin this process.

It is hardto measurghe coveragewithout taggingall
the entitiesin a certainnumberof documents.However,
afterdoingtheabore mentionedorocessesye believe that
the coverageof the hierarchyis quite satishctory Al-
thoughthis never meanst is complete we believe this hi-
erarchyshouldbe usefulin someapplications.

3. System

We developedNE taggersfor English and Japanese.

Therehave beenmary experimentsinvolving the super
visedtraining, usingtaggedcorporaof NE taggerqBickel
et. al, 1997), (Sekineet. al, 1998), (Borthwick et. al,
1998). However, aswe could not accumulateenoughex-
ampledfor supervisedearning,we madearule anddictio-
nary basedsystem,wherethe rules are createdby hand
while observingexamplesand dictionaries. The design
andperformancef thistaggemwill bereportedseparately

4. Dataand Guidelines

The completehierarchywith examplesis shavn in the
Appendix. An electronicversionof the hierarchy along
with guidelinedor theNE types,will bemadeavailableon
the Web, andwill be accessibléhroughthe first authors
homepagéhttp://cs.iyu.edu/"sekine).

5. Conclusion

We have reportedbnthe designandthedevelopmenbf
anextendedNamedEntity hierarchy It has150typesand
is organizedin a tree structure. The authorsbelieve this
will be usefulnot only in IE andQ&A in the newspaper
domain,but alsoMT andotherkinds of NLP applications
andthefurtherextensionof the NE hierarchyin somespe-
cific domains.
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Appendix: Extended\E hierarcly

TOP
NAVE
PERSON
LASTNAME
MALE_FI RSTNAME
FEMALE_FI RSTNAVE

H HHH

ORGANI ZATI ON

COVPANY

COVPANY_GROUP

M LI TARY

| NSTI TUTE

MARKET

POLI TI CAL_ORGANI ZATI
GOVERNVENT
POLI TI CAL_PARTY
PUBLI C_| NSTI TUTI ON

GROUP
SPORTS_TEAM

ETHNI C_GROUP

NATI ONALI TY

#######9######

LOCATI ON
GPE
aTy
COUNTY
PROVI NCE
COUNTRY
REG ON
GEOLOG CAL_REG ON
LANDFORM
WATER _FORM
SEA
ASTRAL_BODY
STAR
PLANET
ADDRESS
POSTAL_ADDRESS
PHONE_NUVBER
EMAI L
URL
FACI LI TY
GOE
SCHOOL
MUSEUM
AMUSEMENT _PARK
WORSHI P_PLACE
STATI ON_TOP
Al RPORT
STATI ON
PORT
CAR STCP

HHHFHFHHFHFHFEHIFHFHRFHFHFHRHRFFEHRHFFEFHHHEHHHFHR

Bill dinton, George W Bush, Satoshi Sekine,
dinton, Bush, Sekine,

Bill, George, Satoshi,

Mary, Catherine, 1lene, Yoko

United Nations, NATO
| BM M crosoft
Star Alliance,
The U. S Navy
the National Football League, ACL
New Yor k Stock Exchange, NASDAQ
#

Depart nent of Educati on,
Republ i can Party, Denocratic Party,
New York Post O fice,

The Beatl es, Boston Synphony O chestra
the Chicago Bulls, New York Mets

Han race, Hispanic
Aneri can, Japanese,

Tokyo- M t subi shi G oup

M nistry of Finance
GoP

Spani sh

Ti mes Square, Gound Zero

Asia, Mddle East, Palestine

New York City, Los Angel es

West chest er

State (US), Province (Canada), Prefecture (Japan)
the United States of America, Japan, England
Scandi navi a, North America, Asia, East coast
Altamra

Rocky Mount ai ns, Manzano Peak, Matterhorn

Hudson Ri ver, Fletcher Pond

Pacific Ccean, @ulf of Mexico, Florida Bay
Hal I ey’ s conet, the Mon

Sirius, Sun, Cassiopeia, Centaurus

the Earth, Mars, Venus
715 Br oadway,
212-123- 4567
seki ne@s. nyu. edu

http://ww. cs. nyu/ cs/ proj ects/ proteus
Enpire State Building, Hunter NMontain Ski
Pent agon, White House, NYU Hospital

New Yor k Uni versity, Edgewood El enmentary School
MOVA, the Metropolitan Musium of Art

Wal't Disney World, OCakland Zoo

Canterbury Cathedral, Westm nster Abbey

New Yor k, NY 10003

Resort

JFK Airport, Narita Airport, Changi Airport

Grand Central Station, London Victoria Station

Port of New York, Sydney Harbour
Port Authority Bus Term nal, Sydney Bus Depot
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LI NE
RAI LROAD
ROAD
WATERVWAY
TUNNEL
BRI DGE
PARK
MONUNVENT
PRODUCT
VEHI CLE
CAR
TRAI N
Al RCRAFT
SPACESHI P
SHI P
DRUG
V\EAPON
STOCK
CURRENCY
AWARD
THEORY
RULE
SERVI CE
CHARACTER
METHOD_SYSTEM
ACTI ON_MOVENENT
PLAN
ACADEM C
CATEGORY
SPORTS
OFFENCE
ART
Pl CTURE
BROADCAST _PROGRAM
MOV E
SHOW
MUSI C
PRI NTI NG
BOOK
NEWSPAPER
MAGAZI NE

DI SEASE

EVENT
GAMES
CONFERENCE
PHENOVENA
WAR
NATURAL_DI SASTER
CRI ME

TI TLE
PCSI TI ON_TI TLE

LANGUAGE

RELI G ON

HFHHFHFHFHFFTHEHFFHFEHAFHFHFHFHFHFEFFRHRAFFEFHRHFHFFEHEHFFEEHRIFFEEHRESEEHES

HoHHHHH H*

H*

H H

West chester Bicycl e Road

Metro-North Harlem Line, New Jersey Transit
Lexi ngt on Avenue, 42nd Street

Suez Canal, Bering Strait

Eur o Tunnel

Gol den Gate Bridge, Manhattan Bridge
Central Park, Hyde Park

Statue of Liberty, Brandenburg Gate

W ndows 2000, Rosetta Stone

Vespa ET2, Honda Elite 50s

Ford Escort, Audi 90, Saab 900, C vic, BMN 318i
Acela, TGV, Bullet Train
F-14 Tontat, DC-10, B-747

Sput ni k, Apollo 11, Space Shuttle Chall enger, Mr

Titanic, Queen Elizabeth Il, U S.S. Enterprise
Pedi al yte, Tylenol, Bufferin

Patriot Mssile, Pulser P-138

NABI SCO st ock

Euro, yen, dollar, peso,

Nobel Peace Prize, Pulitzer Prize

Newton’s |aw, GB theory, Blum s Theory

Kyoto d obal Warmi ng Pact, The U.S. Constitution
Pan Am Fl i ght 103, Acela Express 2190

Pi kachu, M ckey Muse, Snoopy

New Deal program Federal Tax

The U.N. Peace- keeping Operation

Manhattan Project, Star Wars Pl an
Soci ol ogy, Physics, Phil osophy
Bant am Wi ght, 48kg cl ass

Men's 100 neter, G ant Slalom ski, tennis
first-degree nurder

Venus of Mel os

Ni ght Watch, Mbonariza, Quernica

Larry King Live, The Sinpsons, ER, Friends

E.T., Batman Forever, Jurassic Park, Star Wars
Les M serables, Madam Butterfly
The Star Spangl ed Banner, My Life,
2001 Consumer Survey

Master of the Game, 1001 Ways to Reward Enpl oyees
The New York Tinmes, Wall Street Journal

Newsweek, Time, National Business Enpl oynent Weekly

Your Song

Al DS, cancer, |eukem a

Hanover Expo, Edi nburgh Festival

A ynmpic, Wrld Cup, PGA Chanpionshi ps
APEC, Napl es Summit

El Nino

World War 11, Vietnam War, the Gul f War

Kobe Earthquake, the PuuQo- Kupai anaha Eruption

Murder of Black Dahlia, the Okl ahoma City bonbing
M., Ms., Mss., Ms,

President, CEO, King, Prince, Prof., Dr.

Engl i sh, Spani sh, Chinese, G eek

Christianity, Islam Buddhism
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NATURAL_OBJECT # mtochondria, shiitake mushroom
ANI MAL # el ephant, whale, pig, horse
#

#

VEGETABLE spi nach, rice, daffodil
M NERAL Hydr ogen, carbon nobnoxi de,
COLOR # black, white, red, blue
TI ME_TOP
TI MEX
TI ME # 10 p.m, afternoon
DATE # August 10, 2001, 10 Aug. 2001,
ERA # d acial period, Victorian age
PERI ODX # 2 senesters, sunmer vacation period
TI ME_PERI OD # 10 minutes, 15 hours, 50 hours
DATE_PERI OD # 10 days, 50 days
WEEK PERI CD # 10 weeks, 50 weeks
MONTH_PERI OD # 10 nmont hs, 50 nonths
YEAR _PERI GD # 10 years, 50 years
NUVEX # 100 pikel, 10 bits
MONEY # $10, 100 yen, 20 nmarks
STOCK_I NDEX # 26 5/8,
PO NT # 10 points
PERCENT # 10% 10 1/ 2%
MULTI PLI CATI ON # 10 times
FREQUENCY # 10 tinmes a day
RANK # 1st prize, booby prize
AGE # 36, 77 years old
VEASUREMENT # 10 bytes, 10 Pa, 10 millibar
PHYSI CAL_EXTENT # 10 neters, 10 inches, 10 yards, 10 mles
SPACE # 10 acres, 10 square feet,
VOLUME # 10 cubic feet, 10 cubic yards
V\EI GHT # 10 mlligrams, 10 ounces, 10 tons
SPEED # 10 mles per hour, Mach 10
| NTENSI TY # 10 lum na, 10 deci bel
TEMPERATURE # 60 degrees
CALORI E # 10 calories
SElI SM C_| NTENSI TY # 6.8 (on Richter scale)
COUNTX
N_PERSON # 10 biol ogists, 10 workers, 10 terrorists
N_ORGANI ZATI ON # 10 industry groups, 10 credit unions
N_LOCATI ON # 10 cities, 10 areas, 10 regions, 10 states
N_COUNTRY # 10 countries
N FACILITY # 10 buil di ngs, 10 schools, 10 airports
N_PRODUCT # 10 systens, 20 paintings, 10 superconputers
N_EVENT # 5 accidents, 5 interviews, 5 bankruptcies
N_ANI MAL # 10 animals, 10 horses, 10 pigs
N _VEGETABLE # 10 flowers, 10 daffodils
N_M NERAL # 10 di anonds
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