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Abs t rac t 

In this article I propose that categorization decisions are 
ofte n mad e relativ e t o causa l  model s o f  categorie s tha t 
peopl e possess .  Accordin g t o thi s causal-mode l  theor y o f 
categorization ,  evidenc e o f  a n exemplar' s membershi p i n a 
categor y consist s o f  th e likelihoo d tha t  suc h a n exempla r 
can b e generate d b y th e category' s causa l  model .  Bayesia n 
network s ar e propose d a s a  representatio n o f  thes e causa l 
models .  Causal-mode l  theor y wa s fit  t o categorizatio n dat a 
fro m a  recen t  study ,  an d yielde d bette r  fit s  tha n eithe r  th e 
prototyp e mode l  o r  th e exemplar-base d contex t  model ,  b y 
accounting ,  fo r  example ,  fo r  th e confirmatio n an d 
violatio n o f  causa l  relationship s an d th e asymmetrie s 
inheren t  i n suc h relationships . 

Several investigators have argued that category learning and 
categorizatio n ar e strongl y influence d b y th e theoretical , 
explanatory ,  an d causa l  knowledg e tha t  peopl e brin g t o bea r 
(Murph y &  Medin ,  1985 ;  Mu rphy ,  1993 ;  Heit ,  1998) .  Fo r 
example ,  manipulation s o f  stimulu s material s affec t 
categor y learnin g b y elicitin g differen t  aspect s o f  people' s 
backgroun d knowledg e (e.g. ,  Pazzani ,  1989 ;  Murph y & 
Allopenna ,  1994) .  Performanc e o n a  variet y o f  task s ha s 
been correlate d wit h th e amoun t  o f  relevan t  domai n 
knowledg e individual s posses s (Keil ,  1989 ;  Medin ,  Lynch , 
Coley ,  &  Atran ,  1997) .  However ,  ther e ha s bee n relativel y 
littl e developmen t  o f  thi s "theory-based "  vie w o f  categorie s 
i n term s o f  detaile d theor y an d computationa l  model s (c.f . 
Heit ,  1994) .  Thi s stat e o f  affair s arise s i n par t  becaus e o f  th e 
uncertaint y surroundin g exactl y wha t  knowledg e participant s 
deplo y i n a n experimenta l  task .  A  fe w recen t  studie s hav e 
addresse d thi s proble m b y employin g nove l  domain s an d 
teachin g participant s "background "  knowledg e a s par t  o f  th e 
experimenta l  sessio n (e.g. ,  A h n &  Lassaline ,  1996 ;  Rehde r 
& Hastie ,  1999 ;  Sloman ,  e t  al .  1998) .  Fo r  example ,  Rehde r 
and Hasti e taugh t  participant s abou t  fictitiou s categorie s 
describe d a s possessin g causa l  relationship s betwee n binary -
value d categor y attributes ,  an d manipulate d experimentall y 
whethe r  thos e causa l  relationship s forme d a  common-caus e 
or  a  common-effec t  causa l  schem a (Figur e 1) .  I n th e 
common-caus e schema ,  on e attribut e (Al )  i s  describe d a s 
causin g th e thre e othe r  attributes ,  wherea s i n th e c o m m o n -
effec t  schem a on e attribut e (A4 )  i s  cause d b y thre e othe r 
attributes .  Fo r  example ,  on e o f  th e fictitiou s categorie s wa s 
Kehoe Ants ,  a  specie s o f  ant s describe d a s livin g o n a n 
islan d i n th e Pacifi c  Ocean ,  an d on e o f  tha t  category' s causa l 
relationship s wa s "Bloo d hig h i n iro n sulfat e cause s a 
hyperactiv e immun e system .  T h e iro n sulfat e molecule s ar e 
detecte d a s foreig n b y th e i m m u n e system ,  an d th e i m m u n e 
syste m i s  highl y activ e a s a  result. "  Afte r  learnin g abou t 
suc h categorie s an d thei r  causa l  relationship s participant s 

performe d a  transfe r  categorizatio n task .  Rehde r  an d Hasti e 
foun d tha t  th e presenc e o f  bot h a  caus e an d it s effec t  i n a n 
instanc e (e.g. ,  a n an t  wit h iro n sulfat e bloo d an d a 
hyperactiv e i m m u n e system )  le d t o th e instanc e receivin g a 
highe r  categor y membershi p ratin g compare d t o contro l 
categorie s wit h n o causa l  relationships .  Becaus e rating s wer e 
als o highe r  whe n bot h th e caus e an d effec t  wer e absen t 
(norma l  bloo d an d norma l  i m m u n e system) ,  an d lowe r  whe n 
eithe r  th e caus e o r  th e effec t  wa s presen t  an d th e othe r  absen t 
(iro n sulfat e bloo d an d norma l  i m m u n e system ,  o r  norma l 
bloo d an d hyperactiv e i m m u n e system) ,  Rehde r  an d Hasti e 
conclude d tha t  participant s wer e attendin g no t  merel y t o th e 
presenc e o f  th e cause/effec t  configuration ,  bu t  rathe r  t o 
whethe r  instance s confirme d o r  violate d causa l  relationships . 
Categor y membershi p rating s als o reflecte d th e asymmetrie s 
inheren t  i n causa l  relationships .  Fo r  example ,  a  distinc t 
characteristi c o f  common-caus e causa l  network s i s  tha t  th e 
effec t  attribute s (e.g. ,  A 2 ,  A 3 ,  an d A 4 i n Figur e 1 )  wil l  b e 
correlated ,  an d indee d th e categorizatio n rating s o f  substantia l 
number s o f  common-caus e participant s wer e sensitiv e t o 
whethe r  thos e correlation s wer e preserve d o r  violated . 

Al 
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Common-Cause Schem a Common-Effec t  Scfiem a 

Figur e 1 

Althoug h thes e result s ar e suggestiv e o f  explici t  causa l 
reasonin g i n participants ,  i t  i s  importan t  t o conside r  whethe r 
the y ca n b e accounte d fo r  b y th e well-know n similarity -
base d categorizatio n models ,  suc h a s th e prototyp e mode l 
and th e contex t  mode l  (Medi n &  Shaffer ,  1978 ;  Nosofsky , 
1986) .  Similarity-base d model s ar e abl e t o accommodat e 
seemingl y disparat e categorizatio n strategie s b y adjustin g 
similarit y parameter s t o differentiall y  shrin k o r  expan d th e 
dimension s o f  th e stimulu s space .  I n fact ,  Rehde r  an d Hasti e 
fitte d thes e model s t o thei r  transfe r  categorizatio n data ,  an d 
foun d tha t  th e model s yielde d onl y moderate-qualit y  fits .  Th e 
fit s o f  instance s tha t  possesse d m a n y confirmation s o r  m a n y 
violation s o f  causa l  relationship s wer e particularl y poor . 

T h e failur e o f  th e similarity-base d model s t o accoun t  fo r 
thes e dat a lead s t o a  searc h fo r  alternativ e categorizatio n 
model s tha t  ca n accoun t  fo r  people' s apparen t  abilit y t o 
reaso n causall y whil e categorizing .  I n thi s articl e I  propos e 
tha t  categorizatio n decision s ar e ofte n m a d e relativ e t o cause d 
model s o f  categorie s tha t  peopl e possess ,  an d tes t  Bayesia n 
network s a s a  candidat e representatio n o f  suc h models . 
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(a )  Common-Caus e Causa l  Mode l (b )  Common-Effec t  Causa l  Mode l (c )  No-Caus e Contro l  Mode l 
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Figur e 2 

Belo w I  presen t  thi s causal-mode l  theor y o f  categorization , 
revie w th e procedure s employe d i n th e Rehde r  an d Hasti e 
study ,  an d compar e dat a fits  produce d b y th e similarity-base d 
model s an d th e causal-mode l  approach .  W h e n causa l 
knowledg e wa s present ,  causa l  model s produce d bette r  fits 
tha n th e similarity-base d model s b y accountin g fo r  th e 
categorizatio n rating s o f  thos e instance s especiall y affecte d 
by th e confirmatio n o r  violatio n o f  causa l  relationships ,  an d 
fo r  th e asymmetrie s inheren t  i n causa l  relationships . 

A Causal-Model Theory of Categorization 

As i n othe r  categorizatio n models ,  I  assum e tha t  th e 
classificatio n proces s consist s o f  bot h a n evidenc e stag e an d 
a decisio n stage ,  an d tha t  th e decisio n stag e i s give n b y a 
relative-ratio  rul e (Luce ,  1963) , 

PCCaID =  EA(t)/XiEi(t ) (1 ) 

wher e P(CA|t )  i s  th e probabilit y  tha t  instanc e t  i s  classifie d 
int o Categor y A ,  i  range s ove r  th e se t  o f  categorie s tha t  t 
m ay belon g to ,  an d Ei(t )  i s  th e evidenc e i n favo r  o f  t 
belongin g t o categor y Cj .  Th e cor e o f  th e curren t  proposa l  i s 
tha t  evidenc e o f  t' s  membershi p i n categor y C j  consist s o f 
th e likelihoo d tha t  t  coul d hav e bee n generate d b y Cj' s causa l 
model .  Figur e 2  present s Bayesia n network s tha t  serv e a s 
common-caus e an d common-effec t  causa l  models .  Bayesia n 
network s ar e directe d acycli c graph s i n whic h node s represen t 
variable s (i n thi s work ,  binar y variable s whos e value s ar e 
referred  t o a s "present "  an d "absent" ,  o r  "1 "  an d "0") ,  arx l 
edge s represen t  direc t  dependenc y relation s amon g variables . 
I n particular ,  Bayesia n network s ca n b e use d t o represen t 
causa l  dependencie s amon g variable s i n whic h th e onl y direc t 
cause s o f  a  variabl e ar e it s immediat e parent s (Pearl ,  1988) . 
For  example ,  th e common-caus e networ k (Figur e 2a )  ha s 
on e variabl e (aj )  tha t  directl y cause s thre e othe r  variable s (a2 , 
a3,  a4) .  Th e common-effec t  networ k (Figur e 2b )  ha s thre e 
variable s (ai ,  32 ,  33 )  tha t  eac h directl y cause s on e othe r 
variabl e (34) .  Th e no-caus e contro l  networ k (Figur e 2c ) 
specifie s n o causs l  relstionship s amon g variables . 

For  eac h variabl e wit h n o edg e int o i t  (i.e. ,  fo r  eac h 
"exogenou s variable") ,  Bayesia n network s requir e 
specificatio n o f  th e probabilit y  tha t  it s  valu e wil l  b e present . 
Thes e probabilitie s ar e referre d t o a s q .  I n addition ,  eac h edg e 
require s th e probabilit y  tha t  th e effec t  i s  cause d whe n th e 
caus e i s present ,  referre d t o a s c .  Finally ,  u  i s th e probabilit y 
tha t  a  cause d (endogenous )  variabl e i s presen t  eve n whe n it s 
cause s ar e absent ,  ( m ca n b e interprete d a s th e probabilit y 
tha t  a n effec t  i s  brough t  abou t  b y som e unspecifie d cause. ) 
Thes e probabilitie s C3 n b e treate d a s th e parameter s o f  th e 

causa l  mode l  tha t  th e Bayesia n network s represents' . 
Give n a  causa l  mode l  an d it s parameters ,  i t  i s  possibl e t o 

calculat e th e likelihoo d tha t  i t  wil l  generat e a  particula r 
valu e o n a  variable ,  o r  a  particula r  se t  o f  values .  Tabl e 1 
present s th e equation s fo r  computin g th e likelihoo d fo r  an y 
setting s o f  th e fou r  binar y variable s i n th e common-cause , 
common-effect ,  an d no-caus e contro l  models .  Fo r  example , 
th e probabilit y  tha t  th e common-caus e mode l  wil l  generat e 
th e value s 100 0 (tha t  is ,  a j  present ,  32- 4 3bsent )  i s  th e 
probabilit y  tha t  a |  i s  presen t  {q )  time s th e probabilit y  tha t 
al l  thre e causa l  mechanism s fai l  t o operat e dl-cf )  time s th e 
probabilit y  tha t  th e effect s ar e no t  otherwis e cause d ((1-m)') . 

W h en th e variable s o f  a  causa l  mode l  ar e interprete d a s 
attribute s o f  a  category ,  an d th e edge s ar e interprete d a s 
causa l  relationship s betwee n categor y attributes ,  th e 
equation s o f  Tabl e 1  ca n b e use d t o comput e th e likelihoo d 
tha t  th e categor y wil l  generat e a  particula r  exemplar ,  tha t  is , 
a particula r  se t  o f  attribut e values . 

The causal-mode l  approac h t o categorizatio n assume s tha t 
categorizer s estimat e fo r  eac h candidat e categor y th e 
likelihoo d tha t  th e categor y generate d th e exemplar ,  an d the n 
combin e thi s evidenc e i n accor d wit h th e relative-rati o rul e 
(Eq .  1 )  i n orde r  t o reac h a  categorizatio n decision . 

The Experiments 

I n additio n t o Keho e Ants ,  Rehde r  an d Hasti e (1999 ) 
employe d five  othe r  fictitious  categories :  on e othe r 
biologica l  kind ,  tw o nonlivin g natura l  kinds ,  an d tw o 
artifacts .  Fo r  eac h o f  th e fou r  binar y attribute s th e bas e rate s 
of  it s  tw o value s wa s state d t o b e 7 5 % an d 2 5 % .  T o relat e 
thes e attribut e value s t o th e network s i n Figur e 2 ,  th e 7 5 % 
and 2 5 % value s ar e hencefort h referred  t o a s "present "  an d 
"absent "  (o r  "1 "  an d "0") ,  respectively .  Causa l  relationship s 
wer e writte n suc h tha t  th e "presence "  o f  on e attribut e cause d 
th e presenc e o f  another . 

'Th e network s show n i n Figur e 2  exhibi t  a  numbe r  o f 
restrictions ,  an y o f  whic h ca n b e lifted .  First ,  al l  causa l  link s 
ar e assume d t o hav e th e equa l  su-engt h (i.e. ,  th e sam e c )  becaus e 
i n th e Rehde r  an d Hasti e stud y al l  relationship s wer e preteste d t o 
equat e thei r  plausibility .  Second ,  exogenou s variable s ar e 
assumed t o hav e th e sam e bas e rat e (<?) ,  becaus e al l  participant s 
wer e explicitl y  tol d tha t  attribute s exhibite d equa l  bas e rate s 
(se e descriptio n o f  th e experiment s below) .  Third ,  endogenou s 
variable s ar e assume d t o hav e th e sam e u  fo r  th e sam e reason . 
Fourth ,  i n th e common-effec t  networ k I  assum e tha t  th e 
probabilitie s tha t  eac h caus e wil l  brin g abou t  it s effect s ar e 
independent ,  tha t  is ,  th e common-effec t  causa l  mode l  i s relate d 
t o a  "fuzz y o r  gate "  (Pearl ,  1988) .  Thes e restriction s hav e th e 
advantag e o f  reducin g th e numbe r  o f  fre e parameters ,  facilitatin g 
compariso n wit h similarity-base d model s (se e below) . 
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I n eac h o f  thre e experiments ,  eac h participan t  learne d o f 
one category ,  an d th e category' s causa l  schem a wa s 
manipulate d a s a  between-subject s factor :  Participant s wer e 
give n eithe r  a  common-caus e o r  a  common-effec t  se t  o f 
causa l  relationships ,  o r  n o causa l  relationships . 

Afte r  learnin g abou t  a  categor y an d it s  causa l  schema , 
participant s wer e expose d t o exemplar s o f  th e targe t  categor y 
(e.g. ,  Keho e Ants )  i n th e guis e o f  a  trainin g classificatio n 
task .  Participant s classifie d a  serie s o f  exemplar s int o th e 
targe t  categor y o r  a  contras t  categor y labele d 'other" ,  wit h 
feedbac k provide d o n ever y trial .  I n th e Neutral-Dat a 
Experiment ,  target-categor y exemplar s exhibite d n o 
correlation s betwee n attributes .  Tha t  is ,  th e inter-attribut e 
correlation s tha t  migh t  b e expecte d fro m th e causa l 
relationship s learne d b y th e common-caus e o r  common -
effec t  participant s wer e no t  reflecte d i n th e targe t  categor y 
exemplar s (a s a  resul t  participant s i n al l  condition s observe d 
th e sam e trainin g exemplars) .  I n th e Congruent-Dat a 
Experimen t  target-categor y exemplar s exhibite d th e inter -
attribut e correlation s implie d b y th e causa l  relationships :  th e 
common-caus e participant s sa w common-caus e correlation s 
and th e common-effec t  participant s sa w common-effec t 
correlation s (an d th e no-caus e contro l  participant s sa w n o 
inter-attribut e correlations) .  Finally ,  i n th e No-Dat a 
Experimen t  participant s wer e presente d wit h n o trainin g 
exemplar s an d henc e receive d n o empirical  informatio n abou t 
th e targe t  category .  Tabl e 2  present s th e n u m b e r  o f  instance s 
of  eac h exempla r  presente d t o participant s a s m e m b e r s o f  th e 
targe t  an d contras t  categorie s i n th e Neutral-Dat a an d 
Congruent-Dat a experiments .  Not e tha t  th e targe t  categor y 
sample s exhibite d th e 7 5 % / 2 5 % attribut e bas e rate s tha t 
participant s wer e tol d th e categor y possessed .  T h e attribut e 
bas e rate s i n th e contras t  categor y sample s wer e 2 5 % / 7 5 % . 

Al l  thre e experiment s conclude d wit h participant s 
performin g thre e transfe r  tasks :  a  categorizatio n task ,  a 
similarit y ratin g task ,  an d a  propert y inductio n task .  (Th e 
similarit y an d inductio n result s ar e no t  discusse d further. ) 
Durin g th e categorizatio n task ,  participant s rate d o n a  100 -

Schema.  Contro l=No-Caus e Contro l  S c h e m a . 

point scale the category membership of 32 exemplars, 
consistin g o f  al l  possibl e 1 6 example s tha t  coul d b e forme d 
fro m fou r  binar y attributes ,  eac h presente d twice .  N o 
feedbac k wa s provided . 

216 ,  234 ,  an d 18 0 Universit y o f  Colorad o undergraduate s 
participate d i n th e Neutral-Data ,  No-Data ,  an d Congruent -
Dat a experiments ,  respectively .  Averag e categor y 
membersh i p rating s fo r  eac h exempla r  i n eac h conditio n o f 
th e Neutral-Data ,  No-Data ,  an d Congruent-Dat a experiment s 
ar e presente d i n th e Appendix . 

Model Fitting Procedure 

To fit  th e transfe r  categorizatio n dat a fro m Rehde r  an d Hasti e 
(1999) ,  causa l  model s mus t  b e assume d fo r  bot h th e targe t 
categor y (e.g. ,  Keho e Ants )  an d th e contras t  category .  I t  wa s 
assumed tha t  fo r  th e targe t  categor y participant s employe d a 
causa l  mode l  appropriat e t o th e causa l  schem a the y learned :  a 
common-caus e mode l  fo r  th e common-caus e schema ,  a 
common-effec t  mode l  fo r  th e common-effec t  schema ,  an d a 
no-caus e contro l  mode l  whe n the y learne d o f  n o causa l 
relationships .  I t  wa s als o assume d tha t  al l  participant s 
employe d a  no-caus e contro l  mode l  fo r  th e contras t  category , 
becaus e n o causa l  knowledg e wa s provide d abou t  tha t 
category .  A s a  result ,  fits  o f  dat a fro m th e common-caus e 
and th e common-effec t  schem a condition s involv e fou r 
parameter s (q ,  c ,  an d u  fo r  th e targe t  category ,  an d q  fo r  th e 
contras t  category) ,  an d fits  t o th e no-caus e contro l  conditio n 
involv e tw o (on e q  eac h fo r  th e targe t  an d contras t  category) . 
Dat a fittin g involve d findin g th e se t  o f  parameter s tha t 
minimize d square d error ,  wit h prediction s bein g give n b y th e 
equation s i n Tabl e 1 . 

The transfe r  categorizatio n dat a wer e als o fitte d t o th e 
prototyp e an d contex t  mode l  (Nosofsky ,  1992) .  Th e 
prototyp e mode l  assume s tha t  evidenc e o f  categor y 
membershi p consist s o f  th e (additive )  similarit y o f  a 
stimulu s t o th e category' s prototype .  I n fittin g th e prototyp e 
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Tabl e 3 

Model 
Parameter s 

Si 
s-> 

S3 
S4 
RMSE 

Si 
s. 
S-, 
S4 
RMSE 

Targe t  Categor y 

q 
c 
u 

Contras t  Categor y 

<? 
R M SE 

Common Caus e Schem a 

No Neutra l 
Dat a Dat a 

0.0 3 0.0 0 
0.5 7 0.0 0 
0.5 3 0.0 1 
0.5 7 0.0 0 

0.09 7 0.08 0 

0.2 1 
0.3 1 
0.3 2 
0.3 4 

0.04 6 

Congruen t 
Dat a 

0.0 0 
0.1 9 
0.2 8 
0.3 3 

0.07 1 

0.2 9 
0.4 4 
0.4 4 
0.5 2 

0.04 5 

C o m m on Caus e Causa l  Mode l 

0.5 2 0.7 4 
0.3 0 0.3 1 
0.3 6 0.5 5 

0.3 7 0.3 0 
0.03 9 0.02 5 

0.6 3 
0.2 9 
0.4 7 

0.3 9 
0.03 8 

C o m m on Effec t  Schem a 

No 
Dat a 

0.2 5 
0.4 1 
0.5 3 
0.1 6 

0.07 7 

— 
— 
— 
-
-

Neutra l  Congruen t 
Dat a Dat a 

Prototyp e Mode ! 
0.0 4 0.1 1 
0.0 0 0.2 1 
0.0 5 0.2 5 
0.0 0 0.0 0 

0.09 0 0.07 8 

Contex t  Mode l 
0.3 6 0.3 7 
0.3 3 0.4 2 
0.3 5 0.4 1 
0.2 6 0.2 4 

0.06 7 0.05 1 

Causal  Model s 
C o m m on Effec t  Causa l  Mode l 

0.4 7 
0.2 2 
0.3 1 

0.3 5 
0.03 7 

0.6 5 0.6 0 
0.4 0 0.3 5 
0.3 8 0.3 9 

0.3 2 0.3 8 
0.01 8 0.02 4 

No-Caus e Contro l  Schem a 

No Neutra l 
Dat a Dat a 

0.1 0 0.0 0 
0.3 2 0.0 0 
0.3 3 0.0 0 
0.3 5 0.0 0 

0.02 3 0.07 1 

0.2 2 
0.2 9 
0.2 7 
0.3 0 

0.02 9 

Congruen t 
Dat a 

0.0 0 
0.1 0 
0.0 8 
0.0 5 

0.03 3 

0.2 6 
0.3 3 
0.2 9 
0.3 7 

0.02 5 

No-Caus e Contro l  Mode l 

0.5 6 0.6 6 
— — 
— — 

0.4 1 0.3 1 
0.03 0 0.02 5 

0.6 3 
— 
— 

0.3 6 
0.03 0 

model ,  th e prototype s o f  th e targe t  an d contras t  categorie s 
wer e assume d t o b e 111 1 an d 0000 ,  respectively .  Th e 
contex t  mode l  assume s tha t  evidenc e o f  categor y 
membershi p i s  th e tota l  (multiplicative )  similarit y o f  a 
stimulu s t o al l  store d categor y exemplars .  I n fittin g th e 
contex t  model ,  i t  wa s assume d tha t  al l  exemplar s presente d 
durin g trainin g classificatio n wer e store d i n memor y wit h 
thei r  categor y membership .  Becaus e o f  th e absenc e o f 
trainin g exemplar s i n th e No-Dat a experiment ,  th e contex t 
model  wa s no t  fi t  t o tha t  experiment' s data .  Bot h th e 
prototyp e an d contex t  mode l  produc e fou r  parameter s (S] ,  S2 , 
S3,  aiv j  S4 )  i n th e rang e [0,1 ]  representin g th e salienc y o f 
eac h dimensio n (wher e smalle r  number s mea n mor e salient) . 

Althoug h th e relative-rati o rul e (Eq .  1 )  i s  typicall y use d t o 
predic t  th e probabilit y o f  categor y membership ,  i n th e 
Rehder  an d Hasti e stud y participant s produce d continuously -
value d categor y membershi p rating s rathe r  tha n binary -
value d categorizatio n decisions .  Accordingly ,  th e rul e i s  use d 
t o predic t  categor y membershi p ratings ,  whic h ar e divide d b y 
100 t o brin g the m int o th e rang e [0-1] . 

Results 

Fit s o f  th e prototyp e model ,  th e contex t  model ,  an d causal -
model  theor y t o th e Rehde r  an d Hasti e (1999 )  transfe r 
categorizatio n dat a ar e presente d i n Tabl e 3  a s a  functio n o f 
causa l  schem a an d experiment .  I n al l  common-caus e an d 
common-effec t  conditions ,  causa l  model s produce d bette r  fits 
tha n eithe r  th e prototyp e mode l  o r  th e contex t  mode l  i n 
term s o f  residua l  erro r  varianc e ( R M S E ) ,  an d di d s o wit h th e 
same numbe r  o f  fre e parameter s a s th e similarity-base d 
model s (four) .  I n th e no-caus e contro l  experimenta l 
conditions ,  participant s wer e no t  instructe d o n th e presenc e 
of  inter-attribut e causa !  relationships ,  an d th e prototyjj e 

model  an d th e contex t  mode l  produce d adequat e dat a fit s i n 
thos e condition s (wit h on e exception :  th e prototyp e mode l 
fi t  i n th e Neutral-Dat a experiment) .  However ,  causa l  model s 
produce d equall y goo d fits  i n thos e conditions ,  an d di d s o 
wit h tw o fewe r  fre e parameters ^ 

One reaso n fo r  th e poore r  fits  o f  th e prototyp e an d contex t 
model s i n th e common-caus e an d common-effec t  condition s 
i s thei r  inabilit y t o accoun t  fo r  th e categor y membershi p 
rating s o f  thos e exemplar s especiall y sensitiv e t o th e 
confirmatio n o r  violatio n o f  causa l  relationships .  T o 
illustrate .  Figur e 3  present s contex t  mode l  an d causa !  mode l 
fits  i n th e Neutral-Dat a experimen t  fo r  suc h exemplars .  A s 
i s apparen t  fro m th e figure,  i n th e common-caus e conditio n 
th e contex t  mode l  underestimate s th e categor y membershi p 
rating s o f  exemplar s tha t  posses s thre e confirmation s o f 
causa l  relationships :  111 1 (th e common-cause ,  aj ,  an d it s 
effect s al l  present )  an d 000 0 (common-caus e an d it s  effect s 
al l  absent) .  I t  als o overestimate s th e rating s o f  exemplar s 
tha t  posses s thre e violation s o f  causa l  relationships :  100 0 
(th e common-caus e i s presen t  bu t  it s  effect s ar e absent )  an d 
011 1 (th e common-caus e absent ,  bu t  it s  effect s ar e present) . 
Analogously ,  i n th e common-effec t  conditio n th e contex t 
mode!  underestimate s th e rating s o f  exemplar s tha t  posses s 
thre e confirmation s o f  causa l  relationship s (111 1 an d 0000) , 
and overestimate s th e rating s o f  exemplar s tha t  posses s thre e 
violation s (000 1 an d 1110) . 

I n comparison ,  i n bot h th e common-caus e an d common -
effec t  condition s causa l  mode l  theor y yielde d quit e goo d fits 
of  thes e exemplar s (Figur e 3) .  Th e causa l  models '  paramete r 

^  Participant s i n th e No-Caus e Contro l  conditio n o f  th e No-Dat a 
Experimen t  exhibite d a  substantia l  respons e bia s i n favo r  o f  th e 
targe t  category ,  an d henc e dat a fits  i n tha t  conditio n includ e th e 
additio n o f  a  bia s paramete r  b=.5 S {b=.5 0 mean s zer o bias) . 
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Common-Cause Schem a Common-Effec t  Schem a 

100-

I 75' 

N 
' u 
S. 
H 25 ' 
u 

0-

100-

c 
S 75 ' 

I 50. 
N 

*u> 
O 
bO 
B 25 ' 
U 0-

Contex t  Mode l 

C o m m on Caus e 
Causal  Mode l 

Observe d 
Predicte d 

—I  1  1 — 
000 0 100 0 011 1 

Exempla r 

Contex t  Mode l 

C o m m on Effec t 
Causal  Mode l 

Observe d 
Predicte d 

— I — ^ - |  1  1 — 
111 1 000 0 000 1 111 0 111 1 

Exempla r 

Figur e 3 

value s suppor t  th e vie w tha t  thei r  superio r  dat a fit s  wer e du e 
t o participants '  us e o f  causa l  relationship s whe n generatin g 
categorizatio n ratings .  Fo r  example ,  paramete r  c ,  whic h 
reflect s th e strengt h o f  th e causa l  relationshi p betwee n a 
caus e an d a n effec t  attribute ,  wa s larg e an d positiv e i n al l 
common-caus e an d common-effec t  schem a condition s (Tabl e 
3) .  On e effec t  o f  thos e paramete r  value s i s t o mak e th e 
generatio n o f  exemplar s tha t  confir m causa l  relationship s 
(111 1 an d 0(M) 0 fo r  bot h th e common-caus e an d c o m m o n -
effec t  models )  mor e likely ,  an d th e generatio n o f  exemplar s 
tha t  violat e causa l  relationship s (100 0 an d 011 1 fo r  th e 
common-caus e model ,  an d 000 1 an d 111 0 fo r  th e c o m m o n -
effec t  model )  les s likely .  Becaus e th e likelihoo d o f 
generatio n control s categor y membershi p rating s (Eq .  1) , 
causa l  model s accoun t  fo r  th e sensitivit y t o th e correlation s 
betwee n causally-connecte d feature s show n i n Figur e 3 . 

The contex t  mode l  ca n als o exhibi t  sensitivit y t o inter -
attribut e correlations ,  bu t  onl y whe n categor y exemplar s ar e 
presen t  i n memor y tha t  manifes t  thos e correlations .  Suc h 
exemplar s wer e absen t  i n bot h th e Neutral-Dat a an d No-Dat a 
experiments ,  an d henc e participants '  sensitivit y t o 
correlation s betwee n causally-connecte d feature s i n thos e 
experiment s mus t  b e attribute d t o th e causa l  knowledg e the y 
learned .  However ,  exemplar s tha t  manifeste d th e appropriat e 
correlation s wer e presen t  i n th e Congruent-Dat a experimen t 
and henc e tha t  experimen t  establishe d th e mos t  favorabl e 
condition s fo r  th e contex t  model .  Nevertheless ,  eve n i n th e 
Congruent-Dat a experimen t  causa l  mode l  theor y yielde d th e 
best  fits,  apparentl y becaus e participant s weighe d th e critica l 
inter-attribut e correlation s mor e heavil y tha n i s predicte d b y 
th e contex t  model' s multiplicative-similarit y rule . 

D i s c u s s i o n 

Th e failur e o f  th e prototyp e an d contex t  model s t o accoun t 
fo r  th e Rehde r  an d Hasti e (1999 )  categorizatio n dat a implie s 
tha t  participant s wer e no t  ratin g th e categor y membershi p o f 
exemplar s o n th e basi s o f  (only )  similarity ,  a  resul t  tha t  le d 
Rehder  an d Hasti e t o sugges t  tha t  thei r  participant s wer e 
engagin g i n explici t  causa l  reasonin g whil e categorizing .  I n 
thi s articl e "causa l  reasoning "  i s  rendere d computationall y 
explici t  i n th e for m o f  causal-mode l  theory .  I n fact ,  th e goo d 
fit s o f  th e categorizatio n dat a produce d b y causa l  models , 
togethe r  wit h th e specifi c  paramete r  value s responsibl e fo r 
thos e fits,  suppor t  th e clai m tha t  peopl e ca n engag e i n 
causa l  reasonin g whil e categorizin g whe n causa l  knowledg e 
i s presen t  tha t  enable s tha t  reasoning . 

A n alternativ e wa y t o accoun t  fo r  th e curren t  dat a i n term s 
of  similarit y i s t o argu e tha t  th e featur e spac e i s expande d t o 
includ e higher-orde r  feature s encodin g th e confirmatio n o r 
violatio n o f  causa l  relationships ,  an d tha t  similarit y i s 
compute d i n tha t  expande d space .  However ,  Rehde r  an d 
Hasti e als o collecte d rating s o f  th e similarit y o f  pair s o f 
categor y members ,  an d foun d tha t  suc h rating s w o e 
insensitiv e t o whethe r  exemplar s matche d o n thos e higher -
orde r  feature s (als o se e Rehde r  &  Hastie ,  1998) ,  suggestin g 
tha t  th e presenc e o f  causa l  knowledg e di d no t  resul t  i n a n 
expansio n o f  th e featur e space .  Suc h higher-orde r  feature s 
als o fai l  t o accoun t  fo r  th e asymmetrie s inheren t  i n causa l 
relationships .  Fo r  example ,  w h e n th e directio n o f  causalit y 
i n th e common-caus e an d conmion-effec t  model s (Figur e 2 ) 
i s reversed ,  th e resul t  i s  substantiall y  wors e fits  o f  th e dat a 
of  m a n y common-caus e an d common-effec t  participants , 
respectively .  I n othe r  words ,  w h e n classifyin g exemplar s 
m a ny participant s di d no t  jus t  evaluat e eac h causa l  lin k i n 
isolatio n bu t  rathe r  considere d interaction s a m o n g link s 
produce d b y th e entir e network ,  wher e th e natur e o f  thos e 
interaction s i s determine d b y th e links '  directio n o f  causality . 

Despit e differin g assumption s regardin g th e for m o f 
categor y representation s (prototypes ,  exemplars ,  rules ,  etc.) , 
traditiona l  similarity-base d model s assum e tha t  suc h 
representation s ar e buil t  wit h informatio n take n fro m th e 
dat a peopl e observ e (i.e. ,  exemplars) .  Causa l  mode l  theor y 
diverge s sharpl y fro m thi s approac h b y assumin g instea d 
tha t  categor y representation s ar e forme d fro m th e categor y 
knowledg e peopl e possess .  Th e superio r  fit s  o f  causa l  mode l 
theor y reporte d her e fo r  th e Neutral -  an d Congruent-Dat a 
experiment s reflect s th e greate r  importanc e o f  categor y 
knowledg e versu s categor y dat a o n categorizatio n i n thos e 
experiments .  Causa l  mode l  theor y als o applie s w h e n n o 
exemplar s o f  th e categor y hav e bee n observe d a t  al l  (e.g. ,  th e 
No-Dat a experiment) ,  a  domai n beyon d th e purvie w o f  th e 
traditiona l  models .  I n contras t  t o th e traditiona l  models , 
causa l  mode l  theor y i s  thu s applicabl e t o th e m a n y real -
worl d categorie s abou t  whic h peopl e k n o w fa r  mor e tha n 
the y hav e observe d first  hand . 

Causa l  model s hav e bee n implicate d i n othe r  domains . 
For  example ,  G lymou r  (1998 )  argue s tha t  people' s abilit y t o 
estimat e th e strengt h o f  causa l  influence s controllin g fo r 
othe r  cause s (i.e. ,  Cheng's ,  1997 ,  causa l  powe r  theory )  i s 
equivalen t  t o estimatin g th e conditiona l  probabilit y 
associate d wit h a n edg e i n a  Bayesia n networ k (i n thi s 
article ,  paramete r  c) .  Wa ldmann ,  Holyoak ,  an d Fratiann e 
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(1995 )  demonstrate d tha t  th e spee d o f  categor y learnin g 
depend s o n th e matc h betwee n th e correlationa l  structur e o f 
th e learnin g dat a an d th e learner' s causa l  mode l  o f  th e 
category .  A n importan t  are a o f  developmen t  fo r  causa l  mode l 
theor y i s t o specif y th e learnin g algorith m b y whic h learner s 
integrat e thei r  categor y knowledg e (i n th e for m o f  causa l 
models )  wit h dat a (i.e. ,  observation s o f  th e category) . 

I n thi s articl e I  hav e demonstrate d ho w th e clai m tha t 
causa l  knowledg e affect s categorizatio n ca n b e formalize d a s 
an explici t  computationa l  model ,  ho w i t  ca n b e fitte d t o 
empirica l  data ,  an d ho w i t  ca n b e rigorousl y teste d agains t 
othe r  models .  Bayesia n network s wer e utilize d a s a  devic e 
\s it h whic h causa l  knowledg e wa s represente d an d evidenc e 
i n favo r  o f  categor y membershi p wa s calculated .  Futur e 
wor k ma y advanc e causa l  mode l  theor y b y specifyin g th e 
processe s b y whic h likelihoo d function s (e.g. ,  Tabl e 1 )  ar e 
compute d (o r  approximated) .  Th e succes s o f  paralle l  networ k 
algorithm s i n implementin g comple x reasonin g processe s i n 
othe r  domain s (Pearl ,  1988 ,  Thagard ,  1989 )  mak e th e 
prospec t  fo r  thi s developmen t  promising . 
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A p p e n d i x -  Transfe r  Categorizatio n Rating s f ro m R e h d e r  &  Hasti e (1999 ) 

Exempla r 
0000 
0001 
0010 
010 0 
1000 
0011 
0101 
0110 
1001 
1010 
1100 
0111 
1011 
1101 
1110 
ni l 

Common Caus e Schem a 
No Neutra l 

Data Dat a 
50. 2 13. 4 
41. 4 19. 9 
41. 7 20. 1 
39. 9 19. 9 
37. 5 19. 9 
43. 0 47. 3 
40. 9 46. 7 
40. 7 43. 8 
50. 8 51. 1 
51. 4 50. 5 
52. 4 54. 4 
45. 5 67. 2 
65. 3 86. 2 
65. 2 84. 2 
67. 2 86, 5 
90. 0 98. 6 

Congruen t 
Data 
27. 1 
32. 8 
33, 0 
36. 6 
29. 8 
43, 4 
44. 5 
47. 2 
48. 9 
50. 8 
50, 4 
50. 0 
67. 9 
70. 9 
70. 7 
97, 8 

Common Effec t  Schem a 
No Neutra l 

Data Dat a 
40, 7 12. 1 
34. 6 16. 8 
38. 9 22. 5 
41. 1 22. 6 
44. 4 25. 4 
51. 9 50. 4 
52. 5 52. 5 
46. 2 40. 8 
56. 5 47. 8 
48. 6 38. 9 
52. 4 41. 3 
66. 1 84, 5 
68. 1 84. 5 
71. 0 84. 8 
53. 1 61. 3 
90. 0 97, 2 

Congruen t 
Data 
18. 1 
24. 1 
30. 3 
30. 9 
32. 0 
49. 1 
48. 5 
38. 7 
52. 7 
40. 0 
44. 5 
76. 1 
78. 2 
76. 8 
49, 8 
92. 3 

No-Caus e Contro l  Schem a 
No Neutra l 

Data Dat a 
33. 1 9, 9 
41, 4 20. 4 
42. 8 20. 1 
43. 4 17. 2 
46. 7 19. 2 
56. 5 50. 5 
54. 1 51. 1 
55. 2 49. 2 
59. 7 56. 8 
60. 3 56. 2 
60. 4 54. 2 
69. 6 80. 7 
72. 8 84, 2 
74. 6 83. 4 
73. 4 82. 6 
88. 6 95. 0 

Congruen t 
Data 
8. 8 
26. 8 
28. 8 
23. 2 
29. 1 
46. 3 
49. 0 
47. 3 
53. 3 
49. 1 
55. 0 
72. 4 
79. 5 
74. 7 
76. 1 
92. 2 

600 
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