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Appendix: Fine-Grained Named Entity Tag Set
(147 classes)

PS_NAME
PS_MYTH

Person

Study Field | FD_OTHERS
FD_SCIENCE
FD_SOCIAL_SCIENCE
FD_MEDICINE
FD_ART

FD_PHILOSOPHY

TR_OTHERS
TR_SCIENCE
TR_TECHNOLOGY
TR_SOCIAL_SCIENCE
TR_ART
TR_PHILOSOPHY
TR_MEDICINE

Theory

Artifacts

AF_CULTURAL_ASSET

AF_BUILDING

AF_MUSICAL_INSTRUMENT

AF_ROAD
AF_WEAPON
AF_TRANSPORT
AF_WORKS
AFW_GEOGRAPHY
AFW_MEDICAL_SCIENCE
AFW_RELIGION
AFW_PHILOSOPHY
AFW_ART
AFWA_DANCE
AFWA_MOVIE
AFWA_LITERATURE
AFWA_ART_CRAFT
AFWA_THEATRICALS
AFWA_MUSIC

5.

Organization

OG_OTHERS
OGG_ECONOMY
OGG_EDUCATION
OGG_MILITARY
OGG_MEDIA
OGG_SPORTS
OGG_ART
OGG_SOCIETY
OGG_MEDICINE
OGG_RELIGION
OGG_SCIENCE
OGG_BUSINESS
OGG_LIBRARY
OGG_LAW
OGG_POLITICS

6.

Location

LC_OTHERS
LCP_COUNTRY
LCP_PROVINCE
LCP_COUNTY
LCP_CITY
LCP_CAPITALCITY
LCG_RIVER
LCG_OCEAN
LCG_BAY
LCG_MOUNTAIN
LCG_ISLAND
LCG_TOPOGRAPHY
LCG_CONTINENT
LC_TOUR
LC_SPACE

7.

Civilization

CV_NAME
CV_TRIBE
CV_SPORTS
CV_SPORTS_INST
CV_POLICY
CV_TAX
CV_FUNDS
CV_LANGUAGE
CV_BUILDING_TYPE
CV_FOOD
CV_DRINK
CV_CLOTHING
CV_POSITION
CV_RELATION
CV_OCCUPATION
CV_CURRENCY
CV_PRIZE
CV_LAW,
CVL_RIGHT,
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CVL_CRIME,
CVL_PENALTY,

8. Date

DT_OTHERS
DT_DURATION
DT_DAY
DT_MONTH
DT_YEAR
DT_SEASON
DT_GEOAGE
DT_DYNASTY

9. Time

TI_LOTHERS
TI_DURATION
TI_HOUR
TI_MINUTE
TI_SECOND

10. Quantity

QT_OTHERS
QT_AGE

QT_SIZE -
QT_LENGTH
QT_COUNT
QT_MAN_COUNT
QT_WEIGHT
QT_PERCENTAGE
QT_SPEED
QT_TEMPERATURE
QT_VOLUME
QT_ORDER
QT_PRICE
QT_PHONE

11. Event

EV_OTHERS
EV_ACTIVITY
EV_WAR_REVOLUTION
EV_SPORTS
EV_FESTIVAL

12. Anmimal

AM_OTHERS
AM_INSECT
AM_BIRD
AM_FISH
AM_MAMMALIA
AM_AMPHIBIA
AM_REPTILIA
AM_TYPE
AM_PART

13. Plant

PT_OTHERS
PT_FRUIT
PT_FLOWER
PT_TREE
PT_GRASS
PT_TYPE
PT_PART

14. Material

MT_ELEMENT
MT_METAL
MT_ROCK
MT_CHEMICAL
MTC_LIQUID
MTC_GAS

15. Term

TM_COLOR
TM_DIRECTION
TM_CLIMATE
TM_SHAPE
TM_CELL_TISSUE
TMM_DISEASE
TMM_DRUG
TMI_HW

TMI_SW
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