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T h e Presenc e a n d Absenc e o f  Categor y K n o w l e d g e i n L S A 

Christia n D .  Schiin n (c.schunn@gmu.edu ) 
Departmen t  o l  Psychology ;  M S N 3F 5 

Georg e Maso n Universit y 
Fairfax ,  V A 22030-444 4 

Abstrac t 

How much information about meaning is contained in 
th e statistica l  structur e o f  th e environment ? LS A i s a 
theoretica l  an d practica l  too l  tha t  i s  challengin g previou s 
notion s abou t  wha t  i s  containe d i n th e statistica l 
structur e o f  th e environment .  Thi s pape r  examine s wha t 
kin d o f  categor y knowledg e ca n b e obtaine d fro m th e 
environmen t  usin g LSA .  I n particular ,  tw o experiment s 
ar e conducte d wit h L S A t o tes t  wha t  kin d o f  categor y 
structur e i t  embodies .  L S A rating s abou t  th e relatednes s 
of  categorie s t o thei r  propertie s ar e compare d wit h 
human judgment s regardin g th e centralit y o f  propertie s 
t o th e categories .  L S A i s foun d t o captur e aspect s o f 
propert y centralit y fo r  som e objec t  an d even t  categories . 
However ,  i t  i s  foun d t o onl y captur e thos e aspect s 
relate d t o typicality :  ho w ofte n d o member s o f  th e 
categor y hav e tha t  property ? L S A fail s t o captur e othe r 
aspect s o f  centralit y  tha t  ca n b e foun d i n huma n categor y 
judgments .  Thus ,  i t  appear s tha t  human s d o brin g othe r 
constraint s t o bea r  i n shapin g thei r  categories . 

Introduction 

Laten t  Semant i c Analysi s 

Laten t  Semanti c Analysi s ( L S A )  i s a  techniqu e 
develope d b y Landaue r  an d Duma i s (1997 )  fo r 
automaticall y constructin g a  semanti c representatio n o f 
term s base d o n h o w the y co-occu r  i n a  larg e corpu s o f 
texts .  I n th e las t  severa l  years ,  L S A ha s becom e a n 
excitin g too l  fo r  cognitiv e science ,  bot h a s a 
psychologica l  mode l  an d a s a  practica l  tool . 

As a  psychologica l  theory ,  L S A claim s tha t  peopl e 
lear n th e meanin g o f  word s no t  fro m learnin g 
definition s o r  fro m innat e constraints ,  bu t  instea d b y 
simpl y observin g th e context s unde r  whic h term s ar e 
used .  I n othe r  words ,  th e clai m i s  tha t  th e statistica l 
structur e o f  th e environmen t  contain s al l  th e 
informatio n tha t  i s  neede d t o determin e th e meaning s o f 
words .  Withi n thi s theoretica l  framework ,  L S A ha s 
bee n use d a s a  mode l  o f  chil d wor d acquisitio n 
(Landaue r  &  Dumais ,  1997) ,  subjec t  matte r  knowledg e 
(Landauer ,  Foltz ,  &  Laham ,  1998) ,  an d semanti c 
primin g (Landuae r  &  Dumais ,  1997) .  I n eac h case ,  i t 
has provide d powerfu l  demonstration s regardin g h o w 
much informatio n ca n b e derive d purel y fro m th e 
statistica l  structur e o f  th e environment . 

As a  practica l  tool ,  L S A ha s als o bee n use d fo r 
gradin g essay s (Landauer ,  Foltz ,  &  Laham ,  1998) ,  tex t 
researc h (Foltz ,  1996) ,  informatio n retrieva l  (Dumais , 
1994) ,  an d selectin g reviewer s fo r  paper s (Dumai s & 
Neilson ,  1992) .  A  longe r  lis t  o f  application s o f  L S A ca n 

be foun d i n Landauer ,  Foltz ,  an d Laha m (1998) .  Again , 
i n eac h o f  thes e cases ,  th e statistica l  structur e o f  th e 
environmen t  wa s prove n t o b e surprisingl y rich . 

How does LSA work? 

L S A begin s wit h a  ver y larg e tex t  corpu s (e.g. ,  a n 
encyclopedia ,  a  serie s o f  textbook s i n a n area ,  o r  a  larg e 
set  o f  smalle r  documents) .  Next ,  al l  word s tha t  occu r  i n 
th e corpu s ar e found .  Thos e tha t  occu r  wit h extremel y 
hig h frequenc y (e.g. ,  'the' ,  'of ,  'a' )  ar e removed .  Fo r  al l 
th e remainin g word s (potentiall y  ten s o f  thousands) ,  th e 
frequenc y wit h whic h the y co-occu r  i n a  give n contex t 
(usuall y define d a s a  paragraph )  ar e counted .  Fo r 
example ,  h o w ofte n doe s th e wor d 'beak '  occu r  i n 
paragraph s tha t  hav e th e wor d 'tail' ? Thi s produce s a n 
enormou s matri x o f  co-occurrenc e informatio n o f  siz e 
N b y N ,  wher e N  i s th e numbe r  o f  word s bein g 
examine d (whic h ca n b e a s hig h a s 100,000) . 

L S A the n reduce s thi s hug e frequenc y matri x int o a 
much smalle r  matri x b y a  proces s calle d singula r  valu e 
decompositio n (SVD) .  Thi s ne w matri x i s n o w o f  siz e 
N b y M ,  wher e M i s som e numbe r  usuall y betwee n 5 
and 500 .  Thi s reductio n i n siz e i s conceptuall y simila r 
t o facto r  analysi s o r  multidimensiona l  scaling :  i t 
produce s a  mor e compac t  representatio n o f  th e 
importan t  statistica l  regularitie s i n th e large r  matrix . 

I n th e reduce d matrix ,  eac h wor d ca n b e though t  o f  a s 
a vecto r  o r  poin t  i n a n M-dimensiona l  space .  Sinc e th e 
reduce d matri x i s  derive d fro m frequenc y co -
occurrenc e information ,  i t  represent s word s tha t  occu r 
i n simila r  context s wit h simila r  representations .  Thi s 
proces s force s synonym s t o hav e ver y simila r 
representation s because ,  eve n thoug h the y rarel y bot h 
occu r  i n th e sam e context ,  the y co-occu r  wit h th e sam e 
othe r  words . 

I n L S A ,  on e ca n als o represen t  group s o f  words , 
sentence s an d paragraph s a s a  poin t  i n thi s 
M-dimensiona l  space .  B y addin g contex t  words ,  th e 
meaning s o f  polysemou s word s ar e disambiguated .  I n 
any case ,  th e relativ e similarit y i n meanin g o f  tw o item s 
(tw o words ,  tw o sentences ,  tw o paragraphs ,  a  wor d an d 
a sentences ,  etc. )  i s  define d b y thei r  proximit y i n th e M -
dimensiona l  spac e (i n particular ,  th e cosin e o f  th e angl e 
betwee n eac h vector) .  Th e close r  th e tw o items ,  th e 
mor e simila r  thei r  meanings . 

On th e surface ,  thi s comple x proces s m a y see m 
psychologicall y implausible .  However ,  som e classe s o f 
neura l  net s d o produc e a n approximatio n o f  S V D .  Thus , 
th e L S A clai m i s tha t  human s m a y b e doin g somethin g 
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computationall y equivalen t  t o S V D .  A  nn>i c precis e 
descriptio n o f  th e mechanic s o f  L S A an d S V D ca n b e 
foun d i n Deerwester ,  Dumais ,  Furnas ,  Landauer ,  an d 
Harshma n (1990) . 

I n sum ,  L S A develop s a  semanti c representatio n o f 
term s base d o n underlyin g (o r  latent )  informatio n foun d 
i n th e statistica l  regularitie s i n th e environment .  Whil e 
th e succes s o f  it s  pas t  application s t o a  variet y o f 
domain s i s impressive ,  th e natur e o f  th e representatio n 
tha t  i t  develop s require s furthe r  investigation .  O f 
particula r  focu s i n thi s pape r  i s th e followin g question : 
what  kin d o f  categor y knowledg e doe s L S A develop ? I f 
L S A develop s a  human-lik e semanti c representatio n o f 
terms ,  the n categorica l  structur e o f  huma n knowledg e 
shoul d als o b e foun d i n it s representations . 

Thi s researc h questio n abou t  L S A i s als o a  mor e 
genera l  questio n abou t  h o w m u c h informatio n ca n b e 
derive d fro m th e statistica l  structur e o f  th e environmen t 
(specificall y o f  tex t  an d speec h inpu t  tha t  human s 
receive) .  I f  L S A ca n produc e a  goo d accoun t  o f 
categor y structure ,  the n th e statistica l  structur e o f  th e 
environmen t  m a y includ e mor e informatio n tha n w e 
may hav e originall y thought . 

Property centrality 

Almos t  al l  categorie s hav e a  structur e suc h tha t  som e 
instance s o f  th e categor y ar e considere d mor e centra l 
tha n othe r  instances .  Fo r  example ,  a  robi n i s considere d 
a mor e centra l  instanc e o f  th e categor y o f  bird s tha n i s 
an ostrich .  Moreover ,  som e propertie s o f  th e categor y 
ar e considere d mor e centra l  tha n othe r  properties .  Fo r 
example ,  havin g wing s i s considere d mor e centra l  t o 
th e categor y o f  bird s tha n havin g a  beak .  I n thi s paper ,  I 
wil l  focu s o n th e centralit y o f  properties . 

First ,  i t  i s  importan t  t o distinguis h betwee n propert y 
typicalit y an d propert y centrality .  Propert y typicalit y i s 
h o w ofte n member s o f  th e categor y hav e tha t  propert y 
(e.g. ,  wha t  proportio n o f  bird s hav e wings?) .  B y con -
trast ,  propert y centralit y i s th e importanc e o f  th e prop -
ert y t o a  person' s concept .  Fo r  example ,  imagin e 
somethin g tha t  wa s lik e a  bird ,  bu t  didn' t  hav e wings . 
H o w goo d a n exampl e o f  th e concep t  o f  bird s woul d 
tha t  be ? H o w m u c h woul d i t  chang e you r  concept ? 
H o w likel y woul d yo u b e t o cal l  i t  a  bird ? Al l  o f  thes e 
question s addres s th e centralit y o f  th e propert y t o th e 
category ,  o r  h o w importan t  th e propert y i s t o th e cate -
gory . 

W h at  make s a  propert y central ? Certainl y th e 
property' s typicalit y i s ver y importan t  (Rosch ,  1975) . 
However ,  centralit y i s no t  synonymou s wit h typicality . 
Conside r  th e cas e o f  curvednes s an d banana s an d 
boomerangs .  Al l  banana s an d al l  boomerang s tha t 
peopl e wil l  hav e see n ar e curve d (i.e. ,  curvednes s i s 
equall y typica l  o f  bot h boomerang s an d bananas) .  Yet , 
curvednes s i s considere d mor e centra l  t o th e categor y o f 
boomerang s tha n i t  i s  t o th e categor y o f  banana s 
(Murph y &  Med in ,  1985) .  I t  wa s argue d tha t 
curvednes s i s especiall y importan t  t o boomerang s 

becaus e peopl e hav e a  theor y abou t  th e rol e tha t 
curvednes s play s t o th e fundamenta l  activitie s o f  a 
boomerang . 

I n a  mor e recen t  study ,  Schun n an d Ver a (1995 ) 
foun d tha t  i t  i s  specificall y causa l  factor s tha t  pla y a 
ver y importan t  rol e i n determinin g propert y centrality . 
For  bot h object s (e.g. ,  pigeon s an d cars )  an d event s 
(e.g. ,  birthda y partie s an d elections) ,  th e propertie s tha t 
wer e considere d t o pla y a n importan t  causa l  rol e i n th e 
functionin g o f  th e object/even t  wer e considere d centra l 
t o th e category .  I n fact ,  the y wer e considere d mor e 
centra l  tha n propertie s considere d par t  o f  a  forma l 
definitio n o r  propertie s use d t o recogniz e th e 
object/event .  O f  course ,  propert y typicalit y wa s als o a n 
importan t  predicto r  o f  propert y centrality . 

I n sum ,  propert y centralit y i n human s appear s t o be  a 
combinatio n o f  propert y typicalit y an d causa l  theorie s 
(se e als o A h n an d Lassaline ,  1995) .  Wha t  kin d o f 
accoun t  o f  categorizatio n doe s L S A provide ? I f  L S A i s 
derivin g tru e wor d meaning ,  the n i t  shoul d understan d 
th e relationshi p betwee n a  categor y ter m an d it s 
properties .  Sinc e L S A derive s it s semanti c structur e 
fro m frequenc y information ,  i t  shoul d a t  leas t  b e abl e t o 
provid e a  goo d accoun t  o f  th e typicalit y effect s i n 
categor y structure . 

Yet ,  i t  i s  unclea r  whethe r  L S A wil l  b e abl e t o accoun t 
fo r  mor e o f  centralit y (meaning )  tha n jus t  typicality .  Or , 
aske d anothe r  way ,  wha t  informatio n i s foun d i n th e 
statistica l  structur e o f  th e environment ? Certainl y firs t 
orde r  statistic s (a s measure d b y typicality )  d o no t  full y 
captur e centrality .  However ,  th e complet e statistica l 
informatio n foun d i n textua l  corpuse s m a y produc e 
pattern s i n L S A tha t  mimi c wha t  appear s t o b e th e rol e 
of  causa l  theorie s i n huma n categorization .  Thi s adde d 
informatio n ma y occu r  eithe r  becaus e textua l  corpuse s 
contai n a  bia s toward s mentionin g causa l  informatio n 
or  becaus e higher-orde r  statistic s contai n additiona l 
information . 

T o examin e thes e questions ,  I  compare d 
categorizatio n dat a fro m Schun n an d Ver a (1995 ) 
(hencefort h calle d S V )  agains t  th e response s produce d 
by L S A t o th e exac t  sam e categorie s an d properties .  I n 
Experimen t  1 ,  I  repor t  th e result s fo r  analyse s o f  objec t 
categorie s (bot h artifact s an d biologica l  kinds) .  I n 
Experimen t  2 ,  I  repor t  th e result s fo r  analyse s o f  even t 
categories . 

Experiment 1: Objects 

M e t h o d s 

H u m an Dat a Sourc e Th e huma n dat a fo r  Experimen t  1 
wer e take n fro m S V Experiment s lb ,  Ic ,  an d Id .  I n 
particular ,  th e dat a fro m th e si x familia r  object s wer e 
used .  Thes e object s include d thre e familia r  biologica l 
kind s (cats ,  pigeons ,  an d mice )  an d thre e artifact s (cars , 
toilets ,  an d powe r  law n mowers) .  Eac h objec t  ha d 6 
properties .  Thes e propertie s wer e th e one s mos t 
commonl y generate d b y peopl e a s propertie s fo r  eac h o f 
thes e categorie s (SV ,  Experimen t  la) .  Tabl e 1  present s 
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an exampl e o f  on e o f  th e categorie s an d it s properties . 
The ful l  lis t  o f  propertie s ca n b e foun d i n th e origina l 
paper. ' 

Table 1: An example object (pigeons) and its properlies 
and z-score d propert y centralit y ratings . 

Centralit y 

0.62 8 
0.61 2 
0.39 2 
-0.42 9 
-0.55 5 
-0.64 8 

Propertie s 

Pigeon s hav e wings . 
Pigeon s hav e feathers . 
Pigeon s fly . 
Pigeon s ar e gray . 
Pigeon s coo . 
Pigeon s liv e i n bi g cities . 

For  al l  si x propertie s o f  al l  si x objects ,  S V obtaine d 
fiv e differen t  rating s fro m fiv e differen t  group s o f 
subjects .  First ,  propert y centralit y rating s (th e 
importanc e o f  th e propert y t o th e category )  wer e 
obtaine d b y askin g subject s h o w m u c h thei r  concept s 
wer e change d b y negatin g eac h property .  Fo r  example , 
subject s wer e aske d h o w m u c h doe s you r  concep t  o f 
pigeon s chang e i f  a  particula r  instanc e di d no t  hav e 
wings .  Eac h subject' s rating s wer e z-scor e transformed . 
Then a  mea n normalize d ratin g fo r  eac h propert y wa s 
determined .  Thi s mea n fo r  eac h propert y serve d a s th e 
inpu t  fo r  th e curren t  analyses .  Tabl e 1  present s th e 
centralit y rating s fo r  eac h propert y o f  pigeons .  Highe r 
rating s represen t  mor e centra l  properties . 

Second ,  propert y typicalit y rating s (th e frequenc y 
wit h whic h categor y member s hav e th e property )  wer e 
obtaine d b y askin g subject s eithe r  wha t  proportio n o f 
thos e object s i n th e worl d ha d eac h propert y (o r  wha t 
proportio n o f  object s tha t  the y ha d see n ha d eac h 
property) .  T h e tw o variation s produce d highl y 
correlate d responses ,  an d th e averag e frequenc y ratin g 
acros s bot h variant s wa s compute d fo r  eac h property . 

Third ,  subject s wer e aske d t o rat e eac h propert y o f 
eac h objec t  i n term s o f  h o w importan t  i t  wa s fo r  a 
scientifi c  o r  exper t  definitio n o f  th e objec t  category . 
Fourth ,  subject s wer e aske d t o rat e eac h propert y o f 
eac h objec t  i n term s o f  h o w importan t  i t  wa s fo r 
recognizin g member s o f  th e objec t  category .  Fifth , 
subject s wer e aske d t o rat e eac h propert y i n term s o f 
ho w importan t  th e propert y wa s fo r  th e objec t  t o b e 
successfu l  a t  wha t  i t  did .  M e a n rating s wer e determine d 
on eac h scal e fo r  eac h property .  Thes e las t  thre e rating s 
wer e calle d definition ,  recognition ,  an d cause , 
respectively . 

I n sum ,  th e huma n dat a consiste d o f  rating s o f  eac h 
propert y o f  eac h objec t  o n fiv e dimensions :  centrality , 
typicality ,  definition ,  recognition ,  an d cause .  S V 
determine d tha t  centralit y judgment s wer e bes t 
predicte d b y typicalit y an d cause .  A t  issu e n o w i s t o 
what  L S A  judgment s correspond . 

L S A Dat a Th e L S A dat a wa s gathere d usin g th e w e b 
versio n o f  L S A availabl e a t  http://Isa.colorado.edu. ^  A s 
previousl y use d i n man y test s o f  L S A ,  a  dat a spac e 
derive d fro m th e T A S A colleg e corpu s wa s selected .  O f 
th e availabl e dat a spaces ,  thi s on e bes t  represent s 
genera l  knowledg e an d experience s o f  a  colleg e studen t 
(wh o wa s th e sourc e o f  th e huma n data) .  Th e T A S A 
colleg e corpu s use s a  variet y o f  texts ,  novels , 
newspape r  articles ,  an d othe r  information .  I t  include s 
37,65 1 document s an d 92,40 9 terms. ^  Th e defaul t 
settin g o f  30 0 dimension s wa s use d an d thos e result s 
ar e reporte d below .  However ,  al l  analyse s wer e als o 
redon e usin g onl y 10 0 dimension s t o examin e th e rol e 
of  numbe r  o f  dimensions . 

T o ge t  judgment s o f  semanti c similarit y o r 
relatednes s fro m L S A ,  L S A wa s aske d t o compar e eac h 
categor y nam e wit h it s properties .  Fo r  example ,  L S A 
was aske d t o compar e "pigeon "  wit h "ha s wings" .  Th e 
same objec t  an d propert y name s wer e give n t o L S A a s 
wer e give n t o th e huma n subjects .  Fo r  eac h o f  thes e 
comparisons ,  L S A produce d a  numbe r  betwee n - 1 an d 
1 representin g th e perceive d similarit y (wit h 1  bein g 
perfectl y simila r  an d - 1 bein g perfectl y dissimilar) . 

Results 

H o w Wel l  Doe s L S A Predic t  Propert y Centrality ? 
T o se e h o w wel l  L S A value s predicte d propert y 
similarity ,  th e 3 6 L S A value s wer e correlate d agains t 
th e 3 6 h u m a n centralit y mean s ( 6 object s an d 6 
propertie s pe r  object) .  Acros s th e 3 6 properties ,  L S A 
correlate d r=.26 ,  p<. l  wit h propert y centrality .  Th e 
correlation s wer e slightl y large r  whe n don e separatel y 
fo r  artifact s (r=.29 )  an d biologica l  kind s (r=.32) . 
Computin g th e correlation s separatel y fo r  eac h object , 
tw o o f  th e thre e artifact s (car s r=.42 ,  toilet s r=.91 )  an d 
one o f  th e thre e biologica l  kind s (pigeon s r=.99 )  ha d 
noticeabl y positiv e correlations .  Correlation s fo r  th e 
othe r  thre e object s were :  cat s r=-.37 ,  mic e r=.04 ,  an d 
power  law n mower s r=-.46 .  Whil e s o m e o f  thes e 
correlation s ar e base d o n extremel y lo w N s an d ar e 
correspondingl y noisy ,  i t  appear s tha t  L S A di d predic t 
some aspect s o f  propert y centrality ,  bu t  quit e poorl y fo r 
some artifact s an d biologica l  kinds . 

What Predicts Which Objects Will Have Centrality 
Wel l  Predicte d B y L S A ? W h y di d L S A predic t 
centralit y quit e wel l  fo r  som e object s bu t  terribl y fo r 
others ? I n particular ,  wha t  generall y determine d 
whethe r  L S A coul d predic t  propert y centralit y fo r  a 
particula r  object ? Th e mos t  importan t  determinan t  wa s 
h o w wel l  L S A predicte d propert y typicality .  Fo r  severa l 
of  th e objects ,  L S A di d no t  predic t  propert y typicalit y 

'  A n onlin e versio n o f  th e pape r  ca n b e foun d a t 
http://hfac.gmu.eduy~schunn . 

^  I n particular ,  th e matri x comparison s applicatio n wa s used , 
wit h th e "ter m t o term "  compariso n metho d 
'  A t  th e we b location ,  thi s topi c spac e i s calle d "Genera l 
readin g u p t o 1 "  yea r  college " 
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(i.e. ,  h o w ofte n member s o l  th e categor y hav e th e give n 
property) .  Thi s ca n b e readil y see n b y comparin g th e 
correlatio n betwee n L S A an d typicalit y fo r  eac h objec t 
t o th e correlatio n betwee n L S A an d centralit y  fo r  eac h 
object .  Th e correlatio n amon g thes e correlatio n value s 
was r=.9 7 (N=6 ,  p<.01) .  I n othe r  words ,  i f  L S A di d no t 
accoun t  fo r  typicalit y  effects ,  i t  di d no l  accoun t  fo r 
centralit y effects .  But ,  thi s explanatio n doe s no t  tel l  u s 
whethe r  ther e wa s somethin g inherentl y differen t 
betwee n th e thre e object s L S A di d predic t  wel l  an d th e 
thre e object s L S A di d no t  predic t  well . 

Anothe r  explanatio n tha t  focuse s o n propertie s o f  th e 
object s themselve s i s h o w wel l  th e differen t  compo -
nent s o f  centralit y correlate d wit h on e another .  Ther e 
wer e fou r  measure s (fro m S V )  tha t  al l  playe d som e rol e 
i n centralit y t o varyin g degree s (i n decreasin g orde r  o f 
importance) :  typicality ,  cause ,  recognition ,  an d defini -
tion .  Fo r  eac h object ,  th e correlation s wer e compute d 
betwee n eac h o f  thes e measures .  The n th e averag e o f 
th e 6  pairwis e correlation s wa s compute d fo r  eac h ob -
ject .  Thi s averag e correlatio n represent s h o w consisten t 
th e variou s component s o f  centralit y wer e wit h on e 
another .  Fo r  example ,  fo r  som e objects ,  propertie s hig h 
i n typicalit y wer e als o hig h i n causa l  importance ,  hig h 
i n recognitiona l  importance ,  an d hig h i n definitiona l 
importance ,  wherea s fo r  othe r  objects ,  propertie s hig h 
i n typicalit y m a y no t  hav e bee n hig h i n causa l  impor -
tanc e o r  no t  hig h i n recognitiona l  importance .  Thi s av -
erag e correlatio n i s purel y a  propert y o f  th e object s an d 
i s no t  logicall y tie d t o L S A .  I t  i s  trul y a n independen t 
predicto r  o f  LSA' s qualit y o f  fit s  t o centrality .  Thus ,  i t 
i s  impressiv e tha t  i t  di d predic t  wel l  h o w L S A wa s 
relate d t o propert y centralit y fo r  eac h object :  th e corre -
latio n a m o n g correlation s (averag e intercorrelatio n vs . 
L S A t o centralit y correlation )  wa s r=.8 2 (N=6 ,  p<.02) . 
Moreover ,  sinc e eac h individua l  correlatio n wa s base d 
on suc h a  smal l  N  an d s o i s likel y t o b e quit e noisy ,  th e 
strengt h o f  thi s correlatio n i s noteworthy . 

T o m a k e thi s las t  analysi s mor e concrete ,  le t  u s 
conside r  th e example s o f  object s wit h centralit y wel l 
and poorl y predicte d b y L S A .  Th e si x propertie s o f 
pigeon s ar e liste d i n Tabl e 1 .  Th e tw o mos t  centra l 
propertie s o f  th e categor y ar e havin g feather s an d 
wings .  Thos e propertie s ar e als o i n th e to p thre e fo r 
rating s o f  typicality ,  definition ,  recognition ,  an d cause . 
Thus ,  L S A coul d receiv e informatio n abou t  an y o f 
thes e factor s fro m th e tex t  corpu s structur e an d b e abl e 
t o predic t  centralit y  well . 

By contrast ,  conside r  th e cas e o f  cats .  Fo r  th e 
categor y o f  cats ,  havin g fu r  an d fou r  leg s wa s 
considere d central .  Whil e thes e tw o propertie s wer e 
als o rate d a s mos t  typica l  o f  cats ,  th e relativel y les s 
typica l  propert y o f  havin g claw s an d meowin g wer e 
viewe d a s ver y importan t  i n rating s o f  definition , 
recognition ,  an d caus e (althoug h als o tie d wit h havin g 
fou r  legs) .  Thus ,  th e variou s source s o f  informatio n tha t 
L S A m a y b e abstractin g conflic t  wit h on e another ,  an d 
thu s produc e poo r  judgment s o f  centrality . 

I n sum ,  on e ca n sa y tha t  L S A di d a  goo d jo b o f 
predictin g centralit y w h e n i t  di d a  goo d jo b o f 
predictin g typicality ,  o r  on e ca n sa y tha t  L S A wa s abl e 
t o predic t  centralit y fo r  object s tha t  ha d a  simpl e an d 
consisten t  propert y structure . 

Does LSA Capture More Than Typicality? For 
humans,  centralit y i s mor e tha n jus t  typicalit y (Murph y 
& Medin .  1985 ;  Schun n &  Vera ,  1995) .  I n thi s huma n 
dat a se t  (a s S V showed) ,  caus e wa s a  ver y importan t 
predicto r  o f  centralit y abov e an d beyon d typicality .  Fo r 
example ,  partiallin g ou t  th e correlatio n o f  typicalit y 
wit h centrality ,  caus e stil l  ha s a  hig h partia l  correlatio n 
wit h centralit y (partia l  r=.48 ,  N=36 ,  p<.01) . 

Does L S A als o hav e mor e t o i t  tha n typicality ? I n 
particular ,  ca n i t  predic t  aspect s o f  centralit y abov e an d 
beyon d typicalit y effects ? T o examin e thi s issue .  L S A 
prediction s wer e correlate d wit h centralit y afte r 
partiallin g ou t  th e correlatio n o f  typicalit y wit h 
centrality .  Unfortunately ,  L S A predicte d ver y littl e o f 
centralit y beyon d typicalit y (partia l  r=.06 ,  N=36 ,  p>.5) . 

Discussion 

At  leas t  fo r  objects ,  i t  appear s tha t  L S A ca n onl y 
accoun t  fo r  typicalit y aspect s o f  categor y structure .  I t 
doe s no t  predic t  aspect s o f  centralit y beyon d th e effect s 
of  typicality .  Thes e result s ca n b e viewe d i n a  positiv e 
or  negativ e light .  O n th e positiv e side ,  L S A ca n predic t 
propert y centralit y quit e wel l  fo r  som e objects .  Giv e 
tha t  i s simpl y use s wor d co-occurrenc e fro m a  textua l 
corpus ,  thi s resul t  i s  no t  trivial .  O n th e negativ e side ,  it s 
correlation s overal l  ar e quit e weak ,  an d fo r  som e 
objects ,  i t  doe s no t  a t  al l  predic t  propert y centrality . 

Th e analyse s provide d som e insigh t  int o th e 
circumstance s unde r  whic h L S A ca n predic t  centrality . 
W h en L S A doe s no t  predic t  typicalit y  well ,  i t  doe s a 
terribl e jo b o f  predictin g centrality .  Moreover ,  thos e 
object s tha t  hav e comple x propert y structur e appea r  t o 
be th e mos t  difficul t  fo r  L S A t o capture . 

I n testin g L S A agains t  huma n judgments ,  th e defaul t 
(an d recommended )  valu e o f  30 0 dimension s wa s used . 
T o examin e whethe r  th e result s depende d o n th e 
number  o f  dimensions ,  th e analyse s wer e redon e L S A 
value s base d o n 10 0 dimensions .  Th e n e w value s 
produce d slightl y large r  correlation s fo r  som e object s 
and slightl y smalle r  correlation s fo r  others .  Overall , 
result s remaine d th e same .  Thus ,  th e result s appea r  t o 
generaliz e acros s a  rang e o f  dimensio n settings . 

The result s als o d o no t  appea r  t o b e ver y specifi c  t o 
mino r  variation s i n h o w th e tex t  i s  presente d t o LSA . 
L S A produce s simila r  number s whe n th e singula r  for m 
of  th e categor y name s wer e use d (e.g. ,  mous e versu s 
mic e o r  ca r  versu s cars) .  Correlation s betwee n singula r 
and plura l  range d betwee n .7 2 an d .98 . 

Experimen t  1  focuse d o n objec t  categories .  Event s 
ar e anothe r  importan t  clas s o f  categories ,  an d hav e a 
wid e variet y o f  subtypes .  Fo r  example ,  ther e ar e 
sociall y define d events  (weddings ,  parties )  tha t  ar e 

646 



simila r  t o artifacts .  Ther e ar e als o mor e naturall y 
define d event s (thunderstorms ,  ca r  accidents )  tha t  ar e 
simila r  t o biologica l  kinds .  Experimen t  2  examine s ho w 
wel l  L S A ca n predic t  categor y structur e fo r  events . 

Experiment 2: Events 

Method s 

H u m an Dat a Sourc e Th e huma n dat a fo r  Experimen t  2 
wer e take n fro m S V Experiment s 2b ,  2c ,  an d 2d .  Th e 
dat a include d 1 6 familia r  events ,  includin g social , 
formal ,  an d physica l  event s o f  varyin g durations : 
birthda y party ,  birth ,  breakfas t  a t  diner ,  ca r  accident , 
gettin g dresse d t o g o out ,  elections ,  gettin g a  haircut , 
grocer y shopping ,  havin g a  cold ,  usin g a n A T M 
machine ,  makin g coffee ,  makin g photocopies ,  makin g a 
phon e call ,  takin g a  fina l  exam ,  thunderstorm ,  an d 
wedding .  Ther e wer e betwee n 6  an d 1 0 propertie s fo r 
eac h event .  A s wit h Experimen t  1 ,  thes e propertie s 
wer e th e one s mos t  commonl y generate d b y peopl e 
(SV ,  Experimen t  2a) .  Tabl e 2  present s a n exampl e o f 
one th e categorie s an d it s properties . 

Table 2: An example event (weddings) and its 
propertie s an d z-score d propert y centralit y ratings . 

Centralit y 

1.00 6 
.91 3 
.30 3 
.15 0 
.07 8 
.00 9 
-.09 3 
-.42 6 
-.44 0 

Propert y 

groo m 
brid e 
relative s 
rings 
cak e 
pries t 
gift s 
thro w bouque t 
drinkin g 

As wit h Experimen t  1 ,  th e huma n dat a consist s o f 
norm s o n th e sam e fiv e dimension s usin g simila r  pro -
cedures :  centrality ,  typicality ,  definition ,  recognition , 
and cause .  Again ,  mea n subjec t  rating s o n eac h dimen -
sio n wil l  b e use d a s th e inpu t  fo r  th e curren t  analyses . 

LSA Data The LSA was gathered in the same manner 
as fo r  Experimen t  1 :  th e we b implementatio n o f  L S A 
usin g th e semanti c spac e derive d fro m th e T A S A 
databas e wit h 30 0 dimensions .  O f  th e 11 8 properties , 
L S A di d no t  k n o w tw o o f  th e propert y terms : 
photocopie r  (fo r  makin g photocopies )  an d mudslingin g 
(fo r  elections) ,  an d thu s thos e tw o propertie s wer e 
delete d fro m th e analyses . 

Results 

H ow Wel l  Doe s L S A Predic t  Propert y Centrality ? 
To se e ho w wel l  L S A value s predicte d propert y simi -
larity ,  th e 11 6 L S A value s wer e correlate d agains t  th e 
116 huma n centralit y mean s (1 6 event s an d 6-1 0 prop -
ertie s pe r  event) .  Acros s th e 11 6 properties ,  L S A cor -

relate d r=.21 ,  p<.0 5 wit h propert y centrality .  T o se e 
ho w wel l  i t  predicte d propert y centralit y withi n eac h o f 
Ih e events ,  th e correlation s wer e compute d separatel y 
fo r  eac h event .  Eigh t  o f  th e event s produce d noticeabl y 
positiv e correlation s wit h centralit y (i n decreasin g orde r 
of  predictiveness) :  wedding s r=.88 ,  phon e cal l  r=.88 , 
thunderstor m r=.85 ,  birth s r=.74 ,  usin g A T M machin e 
r=.44 ,  makin g coffe e r=.34 ,  havin g a  col d r=.26 ,  an d 
dresse d t o g o ou t  r=.25 .  Th e othe r  eigh t  event s produc e 
ver y smal l  o r  negativ e correlation s wit h centralit y (i n 
decreasin g orde r  o f  predictiveness) :  ca r  acciden t  r=.18 , 
election s r=.ll ,  gettin g a  haircu t  r=-.12 ,  breakfas t  a t 
dine r  r=-.23 ,  makin g photocopie s r=-.39 ,  birthda y par -
tie s r=-.48 ,  takin g fina l  exa m r=-.53 ,  grocer y shoppin g 
r=-.54 .  I n sum ,  L S A di d no t  predic t  centralit y wel l 
overall ,  bu t  di d predic t  centralit y fo r  hal f  th e events . 

What Predicts Which Objects Will Have Centrality 
Wel l  Predicte d B y L S A ? A s wit h th e objects ,  on e ca n 
examin e wha t  determine s whe n L S A wil l  predic t  even t 
propert y centrality .  Th e sam e tw o factor s prove d t o b e 
important .  First ,  whe n L S A di d no t  predic t  propert y 
typicality ,  i t  di d no t  predic t  centrality .  Th e correlatio n 
of  correlation s (LS A vs .  typicalit y an d L S A vs . 
centrality )  wa s r=.86 ,  (N=16 ,  p<.01) .  Second ,  whe n th e 
event s ha d a  comple x propert y structure ,  L S A di d no t 
predic t  centrality .  Th e correlatio n betwee n th e averag e 
intercorrelatio n fo r  eac h even t  (mea n pairwis e 
intercorrelatio n amon g typicality ,  cause ,  recognition , 
and definition )  an d th e LSA-centralit y  correlatio n fo r 
eac h even t  wa s r=.4 7 (N=16 ,  p<.05) . 

Does LSA Capture More Than TypicaUty? As with 
objects ,  fo r  human s caus e i s a  ver y importan t  predicto r 
of  centrality .  I n thi s S V dat a set ,  caus e predict s 
centralit y significantl y abov e th e contriburion s o f 
typicalit y (partia l  r=.46 ,  N=118 ,  p<.001) .  B y contrast , 
L S A onl y predict s a  ver y smal l  amoun t  o f  centralit y 
beyon d typicalit y (partia l  r=.18 ,  N = l  16 ,  p<.l) . 

Discussion 

As wit h objects ,  i t  appear s tha t  L S A ca n onl y accoun t 
fo r  typicalit y aspect s o f  categor y structure .  W h e n L S A 
does no t  predic t  typicality ,  i t  doe s no t  predic t  centrality . 
Again ,  whe n object s ha d comple x propert y structure , 
L S A als o di d no t  predic t  centralit y  well .  However ,  L S A 
di d predic t  centralit y relativel y wel l  fo r  a t  leas t  hal f  o f 
th e events ,  an d thi s accomplishmen t  shoul d no t  b e 
minimized . 

As i n Experimen t  1 ,  L S A wa s teste d usin g th e defaul t 
valu e o f  30 0 dimensions .  T o examin e whethe r  th e 
result s depende d o n th e numbe r  o f  dimensions ,  th e 
analyse s wer e redon e usin g L S A value s base d o n 10 0 
dimensions .  A s wit h objects ,  th e overall ,  result s 
remaine d th e same .  Thus ,  th e result s continu e t o 
generaliz e acros s a  rang e o f  dimensio n settings . 

Once again ,  th e result s als o d o no t  appea r  t o b e ver y 
specifi c  t o mino r  variation s i n ho w th e tex t  i s  presente d 
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t o L S A .  Fo r  example ,  correlation s betwee n th e singula r 
and plura l  (e.g. ,  birt h vs .  births ,  birthda y vs .  birthdays ) 
wer e usuall y i n th e . 9 range . 

General Discussion 

O ne goa l  o f  th e researc h presente d her e wa s t o 
determin e whethe r  an d unde r  whic h circumstance s L S A 
has a  human-lik e categor y structur e t o it s semanti c 
space .  I n general ,  th e result s wer e a  stor y o f  th e glas s 
half-ful l  an d th e glas s half-empty .  Fo r  th e glas s half -
full ,  L S A wa s abl e t o produc e modes t  correlation s wit h 
centralit y overall ,  an d reasonabl y stron g correlation s 
wit h centralit y fo r  a t  leas t  hal f  th e object s an d event s 
tha t  wer e examined .  Thus ,  ther e ar e som e importan t 
human-lik e propertie s t o th e semanti c spac e produce d 
by L S A .  Fo r  th e glas s half-empty ,  L S A wa s primaril y 
restricte d t o typicalit y effects .  L S A coul d no t  accoun t 
fo r  aspect s o f  propert y centralit y beyon d typicality . 
Thi s i s i n shar p contras t  t o huma n categories ,  fo r  whic h 
causa l  aspect s pla y a  ver y importan t  rol e i n bot h object s 
and events .  W h e n categorie s ha d comple x structure ,  i n 
whic h typicality ,  definitional ,  recognitional ,  an d causa l 
factor s di d no t  al l  correlat e highl y wit h on e another , 
L S A di d no t  predic t  propert y centralit y  well . 

The implication s o f  thes e finding s exten d beyon d 
L S A.  The y sugges t  tha t  th e textua l  environmen t  appear s 
not  t o hav e aspect s o f  centralit y beyon d typicalit y 
hidde n i n simpl e statistica l  structure .  I f  thi s implicatio n 
i s correct ,  the n thi s provide s furthe r  evidenc e tha t  i f 
human categorie s hav e aspect s o f  centralit y beyon d 
typicality ,  thes e aspect s mus t  com e purel y fro m a  top -
down bias .  O f  course ,  i t  i s  possibl e tha t  othe r  method s 
fo r  retrievin g informatio n fro m statistica l  structur e ma y 
hav e foun d othe r  aspect s o f  propert y centrality . 

Ther e ar e importan t  limitation s o f  th e wor k presente d 
her e tha t  mus t  b e acknowledged .  First ,  ther e ar e othe r 
kind s o f  categor y knowledg e tha n propert y centrality . 
For  example ,  ther e i s als o instanc e centrality—ho w 
centra l  a n instanc e i s o f  a  categor y (e.g. ,  tha t  a  robi n i s 
mor e centra l  a n instanc e o f  th e categor y bird s tha n i s a n 
ostrich) .  Preliminar y wor k b y Laha m (1998 )  suggest s 
tha t  L S A ca n captur e som e aspect s o f  thi s categor y 
knowledge .  Moreover ,  ther e ar e othe r  way s o f  definin g 
propert y centrality . 

Second ,  i t  i s  possibl e tha t  usin g anothe r  textua l 
corpu s t o construc t  th e semanti c spac e wit h L S A o r 
usin g differen t  similarit y metric s betwee n item s i n L S A 
woul d hav e produce d bette r  categor y knowledge . 
Similarly ,  alternativ e scheme s t o L S A migh t  provid e a 
bette r  extractio n o f  informatio n fro m th e environment . 
For  example ,  th e H A L mode l  (Burgess ,  1998 ;  Burges s 
& Conley ,  1998 )  use s a  differen t  schem e tha t  take s int o 
accoun t  h o w clos e th e word s appea r  withi n a  context . 
However ,  H A L ca n onl y represen t  th e similarit y 
betwee n words ,  no t  word s an d phrase s a s i n LSA . 

Third ,  ther e ar e man y possibl e variation s tha t  coul d 
hav e bee n use d i n presentin g th e propertie s t o L S A . 
L S A wa s give n th e variation s mos t  simila r  t o wha t  th e 

human participant s saw .  However ,  i t  i s  possibl e tha t 
othe r  variation s (e.g. ,  addin g th e objec t  an d even t 
names t o th e propert y sentences )  migh t  hav e change d 
th e results ,  an d thi s need s t o b e explore d further . 

As a  fina l  note ,  th e researc h presente d her e illustrate s 
th e advantage s o f  th e worl d wid e we b a s a  researc h 
tool .  Comple x computationa l  engine s ca n b e mad e 
availabl e t o othe r  researcher s withou t  requirin g th e 
overhea d o f  maintainin g th e softwar e o r  specialize d 
computer s t o ru n th e software . 
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