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ABSTRACT 
A two-stag e mode l  i s applie d t o categor y construction .  Th e firs t  stag e o f  th e mode l  involve s 
lookin g fo r  a  definin g featur e amon g exemplar s an d creatin g initia l  categorie s base d o n th e definin g 

features .  I n th e secon d stage ,  overal l  similarit y  i s calculate d t o categoriz e th e remainin g exemplar s 

tha t  wer e no t  classifie d b y th e definin g feature .  Fo r  som e type s o f  exempla r  structures ,  famil y 

resemblanc e sortin g emerge s a s a  produc t  o f  th e two-stag e model .  A  serie s o f  experiment s wa s 

carrie d ou t  t o contras t  th e two-stag e mode l  wit h Anderson' s inductio n mode l  (Anderson ,  1988 ) 

and C L U S T E R / 2 (Michalsk i  &  Stepp ,  1983) .  Th e result s showe d tha t  th e two-stag e mode l  i s a 

bette r  predicto r  o f  whe n famil y resemblanc e sortin g wil l  o r  wil l  no t  occur . 

INTRODUCTION 
Categorie s i n th e rea l  worl d ar e know n t o hav e a  famil y resemblanc e structur e (Rosc h & 

Mervis ,  1975) .  Famil y resemblanc e categorie s ar e fuzz y categorie s wher e th e member s ar e 

generall y simila r  t o eac h other ,  bu t  wher e ther e i s n o se t  o f  definin g propertie s tha t  an y an d al l 

example s have .  Rosc h (1975 )  predicte d tha t  whe n aske d t o sor t  example s linke d b y overal l 

similarity ,  peopl e woul d ten d t o creat e categorie s i n a  wa y tha t  potentia l  prototype s ar e a t  th e 

center s o f  th e categories . 

However ,  Medin ,  Wattenmaker ,  an d Hampso n (1987) ,  i n thei r  Experiment s 1 ,  2 ,  an d 3 ,  foun d 

tha t  peopl e rarel y constructe d categorie s base d o n overal l  similarity .  Instead ,  subject s typicall y 

sorte d exemplar s o n th e basi s o f  a  singl e dimension .  I n on e o f  thei r  experiments ,  Medi n e t  al .  als o 

use d trinary-value d dimension s couple d wit h th e requiremen t  tha t  exactl y tw o categorie s b e 

created ,  whic h mad e subject s unabl e t o creat e uni-dimensiona l  categories .  Unde r  thi s condition ,  a 

fe w famil y resemblanc e sorting s wer e obtaine d bu t  non e o f  th e subjects '  description s wa s 

consisten t  wit h a  famil y resemblanc e explanation .  Instead ,  the y simpl y use d a  primar y dimensio n 

plu s eithe r  a  conjunctio n o r  a  disjunctio n o f  features .  Thes e result s sugges t  a  two-stag e mode l  o f 

categorization ,  i n whic h th e fu-s t  stag e involve s lookin g fo r  a  defmin g featur e amon g give n 

exemplar s an d th e secon d stag e involve s computin g similarit y o f  remainin g exemplar s t o th e 

initiall y  create d categories . 

Severa l  othe r  alternativ e model s fo r  categor y constructio n hav e als o bee n proposed .  Fo r 

example ,  Michalsk i  an d Step p (1983 )  develope d C L U S T E R / 2 whic h form s a  clas s onl y i f  i t  i s 

describabl e b y a  concep t  fro m a  predefine d concep t  class .  Recentl y severa l  iterativ e algorithm s 

hav e bee n develope d b y Anderson(1988 )  an d Fishe r  (1987) ,  whic h tr y t o maximiz e th e inferentia l 

potentia l  o f  categories .  Thi s pape r  compare s thes e thre e classe s o f  recen t  models .  Th e prediction s 

made b y eac h mode l  wil l  b e compare d wit h th e result s obtaine d i n a n experiment . 

DESCRIPTION OF MODELS 
Two-stag e Mode l 

The two-stag e mode l  i s develope d t o captur e people' s goa l  o f  findin g simpl e structur e i n th e 

world .  Th e ide a i s tha t  peopl e m a y impos e mor e structur e tha n i s objectivel y present .  Give n tha t 

th e worl d i s no t  organize d i n suc h a  simpl e manner ,  peopl e ar e force d t o dea l  wit h exceptions . 

Therefore ,  tw o stage s see m t o b e involve d i n creatin g categories ;  I n th e firs t  stage ,  th e mos t 

^  Th e addres s o f  bot h author s wil l  b e Departmen t  o f  Psychology ,  Universit y o f  Michigan ,  Perr y 

Building ,  33 0 Packar d Rd ,  An n Arbor .  M I  48104 .  a s o f  August .  1989 . 
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Dl  D 2 D 3 D 4 
0 0  0  0  E 6 
0 0  0  1  E 7 
0 0  1 0 E 8 
0 1 0 0  E 9 
1 0 0  0  El O 

Dl  D 2 D 3 D 4 
1 1 1 1 
1 1 1 0 
1 1 0 1 
1 0 1 1 
0 1 1 1 

Figur e 1 .  Th e structur e o f  Exemplar s use d i n Medi n e t  al' s  experimen t 

important dimension is selected as a primary dimension for each category and exemplars are 
classifie d alon g thi s dimension .  I n th e secon d stage ,  th e exception s ar e classifie d int o initiall y 
create d categorie s throug h variou s strategies . 

A specifi c  versio n o f  th e two-stag e mode l  i s  developed ,  i n whic h th e mode l  trie s t o construc t 
tw o categorie s fro m give n exemplars .  Accordin g t o thi s model ,  subject s wil l  first  selec t  th e mos t 
salien t  dimensio n i n th e exemplar s (e.g .  size) .  The n th e subject s wil l  divid e th e exemplar s int o tw o 
group s accordin g t o th e tw o extrem e value s alon g th e selecte d dimensio n (e.g .  smal l  vs .  large) . 
The secon d stag e involve s classifyin g th e remainin g exemplar s whic h d o no t  hav e th e extrem e 
value s (e.g .  medium) .  Thes e exemplar s ar e categorize d int o eithe r  o f  th e tw o initiall y  create d 
group s dependin g o n thei r  overal l  similarit y  t o eac h group .  Th e judgmen t  o f  th e overal l  similarit y 
involve s al l  th e dimension s i n th e exempla r  a s i n th e conventiona l  models . 

The two-stag e mode l  produce s uni-dimensiona l  sortin g fro m th e stimul i  use d i n Medi n e l  al' s 
experiment .  Th e structur e o f  th e example s use d i n thei r  experiment s wa s show n i n Figur e 1 .  I n thi s 
figure,  Dl ,  D2 ,  D3 ,  an d D 4 indicat e eac h dimensio n i n th e example ,  0 ,  I' s  indicat e differen t  value s 
i n th e sam e dimension ,  an d El ,  E2,.. .  El O indicat e example s t o b e categorized . 

Give n th e tas k deman d o f  creatin g tw o categories ,  th e secon d stag e i s no t  eve n necessar y 
becaus e al l  th e dimension s hav e onl y tw o value s an d therefore ,  ther e canno t  b e an y remainin g 
exemplar s afte r  th e first  stage .  N o matte r  whic h dimensio n i s selecte d a s th e mos t  salien t  one ,  th e 
model  predict s uni-dimensiona l  sonin g (e.g .  El ,  E2 ,  E3 ,  E4 ,  an d El O i n on e categor y an d th e res t 
i n th e othe r  whe n D l  i s selecte d a s th e mos t  salien t  dimension) . 

The two-stag e mode l  ma y see m t o b e unabl e t o produc e famil y resemblanc e sortin g becaus e th e 
model  look s fo r  definin g feature s fo r  eac h category .  However ,  i n som e cases ,  th e two-stag e mode l 
does generat e th e famil y resemblanc e categorie s a s a  by-produc t  o f  th e proces s carrie d ou t  i n th e 
secon d stage .  Shonl y w e shal l  se e ho w th e mode l  actuall y produce s th e famil y resemblanc e sortin g 
wit h concret e examples . 

CLUSTER/2 
Unlik e conventiona l  clusterin g models ,  CLUSTER/ 2 doe s no t  us e a  measur e o f  similarit y a s a 

basi s fo r  categorization .  Instead ,  i t  use s a  measur e base d o n description s o f  candidat e clusterings . 
The mai n goa l  o f  CLUSTER/ 2 i s t o generat e categorie s wit h a  minimu m numbe r  o f  attribute s use d 
i n a  description ,  maximu m numbe r  o f  attribute s tha t  singl y discriminat e amon g al l  classes ,  an d 
maximu m numbe r  o f  attribute s tha t  tak e differen t  value s i n differen t  classes .  Thi s goa l  i s  use d a s a 
criterio n t o judg e qualit y  o f  clustering . 

The syste m goe s throug h severa l  iteration s o f  th e followin g steps .  First ,  th e syste m choose s 
initia l  seed s randoml y o r  accordin g t o som e criterio n (e.g .  value s tha t  ar e mos t  distan t  fro m eac h 
other) .  Fo r  eac h seed ,  i t  generate s a  se t  o f  al l  maximall y genera l  description s o f  th e see d whic h d o 
not  intersec t  wit h th e se t  o f  remainin g seeds .  Th e description s ar e modifie d accordin g t o th e 
clusterin g qualit y criterion .  N e w seed s ar e selecte d an d th e entir e step s ar e repeate d unti l  ther e i s n o 
improvemen t  i n clustering . 

One o f  th e mos t  imponan t  criteri a use d i n CLUSTER/ 2 i s simplicit y o f  descriptions ,  whic h i s 
simila r  t o tiie  first  stag e o f  th e two-stag e model .  However ,  sinc e CLUSTER/ 2 doe s no t  hav e a n 
additiona l  wa y o f  handlin g exceptions ,  th e syste m canno t  generat e famil y resemblanc e categories , 
whic h canno t  b e describe d i n simpl e terms . 

316 



A H N,  M E D I N 

Iterative Algorithms 
Recentl y severa l  iterativ e algorithm s o f  categor y constructio n hav e bee n develope d i n whic h 

ne w example s ar e entere d incrementall y an d classifie d t o th e categor y tha t  maximize s th e inferentia l 
potentia l  o f  th e resultin g partition .  A s a  clusterin g criterion ,  Fishe r  (1987 )  use d categor y utilit y 
develope d b y Gluc k an d Corte r  (1986) ,  whic h i s a  produc t  o f  a  bas e rat e o f  eac h feature ,  cu e 
validity ,  an d categor y validity .  Fo r  eac h object ,  th e syste m calculate s categor y utilitie s o f  tha t  objec t 
comin g fro m eac h o f  existin g categorie s an d a  categor y utilit y  o f  tha t  objec t  comin g fro m a  ne w 
category .  Th e objec t  i s  place d int o a  categor y whic h maximize s th e categor y utility . 

Similarly ,  Anderson' s iterativ e algorith m calculate s tw o kind s o f  probabilitie s (i.e .  th e 
probabilitie s o f  a  ne w objec t  comin g fro m ol d categories ,  Pk ,  an d th e probabilitie s o f  th e ne w 

objec t  comin g fro m a  ne w category ,  Pq) .  Thes e tw o probabilitie s ar e operationalize d i n term s o f 

th e equation s a s follows . 

p _ "" ^  n  ShLl L 
(1 -c)+c n 1. 1 n, ^  +mj 

±l£ n ± 

k' 

(l-c)-t-c n 1- 1 mi 

where n is the niimber of objects so far, nk is the number of objects in category K so far, Cki is the 

number  o f  object s i n categor y s o fa r  wit h th e sam e value d o n th e it h dimensio n a s th e objec t  t o b e 
classified ,  m i  i s  th e numbe r  o f  value s o n dimensio n i ,  an d c  i s a  cohesio n parameter ,  whic h i s th e 

probabilit y  tha t  an y tw o object s wil l  b e i n th e sam e category . 
Thi s mode l  canno t  explai n Medi n e t  al' s  result s becaus e i t  produce s famil y resemblanc e 

categorie s fro m th e example s use d i n thei r  experiment s (i.e .  El ,  E2 ,  E3 ,  E4 ,  an d E 5 i n on e 
categor y an d th e res t  i n th e othe r  category) . 

TEST OF MODELS 
To examin e differen t  prediction s o f  eac h mode l  o n concret e examples ,  thre e set s o f  example s 

(Set s A ,  B ,  an d C )  wer e developed .  Th e abstrac t  notatio n o f  th e structur e o f  th e example s i s show n 
i n Figur e 2 . 

Predictions of tlie Two-stage Model 
For  Se t  A ,  n o matte r  whic h dimensio n wa s chose n fo r  th e mos t  salien t  dimension ,  th e mode l 
categorize s El ,  E2 ,  E3 ,  E4 ,  an d E 5 int o on e grou p an d th e res t  int o anothe r  group .  Thi s sortin g 
turn s ou t  t o b e th e famil y resemblanc e sorting .  T o illustrat e mor e specificall y wha t  th e mode l  does , 
suppos e D l  wa s chose n a s th e mos t  salien t  dimension .  The n El ,  E2 ,  E3 ,  an d E 4 ar e classifie d a s 
one categor y an d E6 ,  E7 ,  E8 ,  an d E 9 ar e classifie d a s anothe r  category .  The n whic h categor y E 5 
and El O eac h belon g t o shoul d b e decided .  Sinc e E 5 ha s greate r  overal l  similarit y t o El ,  E2 ,  E3 , 
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Set C 
Dl  D 2 D 3 D 4 

0 
0 
0 
1 
1 
1 
2 
2 
2 
1 

0 1  0 
0 1  1 
1 0  0 
1 0  0 
0 0  1 
2 2  1 
2 1  2 
2 1  1 
1 2  2 
1 2  2 

Figur e 2 .  Thre e Set s o f  Exemplar s Use d t o Tes t  Model s 
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Table 1. Predictions of the two-stage model 

Set  A  Se t  B  Se t  C 

Categor y A 

Categor y B 

0 
0 
0 
0 
1 

2 
2 
2 
2 
1 

0 
0 
0 
1 
0 

2 
2 
2 
1 
2 

0 
0 
1 
0 
0 

2 
2 

1 
2 
2 

0 
1 
0 
0 
0 

2 
1 
2 
2 
2 

0 
0 
0 
0 

2 
2 
2 
2 
2 
1 

0 
0 
0 
1 

0 
2 
2 
2 
0 
2 

0 
0 
2 
0 

0 
2 
2 
1 
2 
2 

0 
1 
0 
0 

0 
2 
0 
2 
2 
2 

0 
0 
0 
1 
1 

1 
2 
2 
2 
1 

0 
0 
1 
1 
0 

2 
2 
2 
1 
1 

1 
1 
0 
0 
0 

2 
1 
1 
2 
2 

0 
1 
0 
0 
1 

1 
2 
1 
2 
2 

categorize d wit h E6 ,  E7 ,  E8 ,  an d E9 .  Therefore ,  thi s tes t  o f  th e two-stag e mode l  o n Se t  A  show s 
tha t  th e mode l  ca n als o generat e family-resemblanc e categories . 

For  Se t  B ,  th e mode l  generate s uni-dimensiona l  sonin g wher e th e definin g dimensio n o f  a 
categor y i s th e on e specifie d a s th e mos t  salien t  dimension .  Fo r  example ,  i f  D l  i s  selecte d a s th e 
most  salien t  one ,  the n El ,  E2 ,  E3 ,  an d E 4 ar e groupe d togethe r  an d E5 ,  E6 ,  E7 ,  E8 ,  an d E 9 ar e 
groupe d together .  I n th e secon d stage ,  ElO ,  th e remainin g example ,  i s  judge d t o b e mor e simila r  t o 
E5,  E6 ,  E7 ,  E8 ,  an d E 9 grou p an d i s classifie d int o thi s group ,  resultin g i n a  uni-dimensiona l 
categor y o f  El ,  E2 ,  E3 ,  an d E 4 alon g Dl . 

For  Se t  C ,  th e mode l  generate s th e famil y resemblanc e categories .  Fo r  example ,  i f  D l  i s 
entere d a s th e mos t  salien t  dimension .  El ,  E2 ,  an d E 3 wil l  b e groupe d togethe r  an d E7 ,  E8 ,  an d 
E9 wil l  b e groupe d together .  A s i n Se t  A ,  i n th e secon d stage ,  E4 ,  E5 ,  E6 ,  an d El O ar e eac h 
classifie d accordin g t o overal l  similarity ,  resultin g i n famil y resemblanc e sorting . 

Tabl e 1  show s th e summar y o f  prediction s mad e b y th e two-stag e model.Th e tw o categorie s 
generate d ar e arbitraril y  name d Categor y A  an d B .  Th e categorie s generate d fo r  Se t  B  ar e th e one s 
when D 1 i s selecte d a s th e mos t  salien t  one . 

Predictions of CLUSTER/2 
For  CLUSTER/2 ,  type s o f  dimension s ha d t o b e specified .  W e use d th e dimension s actuall y 

use d i n th e experiment :  linea r  fo r  D l  an d D2 ,  an d nomina l  fo r  D 3 an d D4 .  Th e parameter s entere d 
wer e a s follows ;  Min k =  2 ,  Maxk=4 ,  covertyp e =  disjoing ,  H I  =3 ,  H2=2 ,  H3=3 ,  Cbas e =  2 , 
prob e =  2 ,  NIDspeed = fast ,  maxheight=99 ,  minsize=4 ,  beta=3.0 ,  LE F =  ((sparseness=0.3 ) 
(simplicity=0.3)) .  (Se e Michalsk i  &  Stepp ,  198 3 fo r  mor e detail s o n th e parameters. )  Thes e 
parameter s wer e use d a s defaul t  value s i n th e curren t  progra m an d w e hav e no t  ye t  full y  explore d 
th e paramete r  space .  Wit h thes e parameters ,  CLUSTER/ 2 generate d thre e clustering s o n eac h se t  o f 
exemplars ,  differin g i n th e numbe r  o f  cluster s i n eac h clustering .  Sinc e th e syste m doe s no t  hav e 
any preferenc e amon g thos e thre e clusterings ,  onl y thos e clustering s wit h tw o cluster s wer e use d 
fo r  compariso n wit h th e result s obtaine d i n th e experiment ,  i n whic h subject s wer e aske d t o 
categoriz e th e exemplar s int o two . 

Tabl e 2  show s th e categorizatio n mad e b y CLUSTER/ 2 fo r  eac h se t  o f  exemplars .  A s 
mentione d earlier ,  CLUSTER/ 2 di d no t  generat e famil y resemblanc e categorie s fro m an y o f  th e 
thre e sets .  Instead ,  al l  th e categorie s generate d ar e uni-dimensional .  I f  th e paramete r  fo r  th e 
simplicit y criteri a i s lowered ,  i t  ma y produc e famil y resemblanc e categorie s bu t  i t  seem s t o b e 
agains t  th e mai n ide a behin d th e developmen t  o f  th e syste m (i.e .  generatin g meaningfull y 
describabl e categories) . 
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Tabl e 2 .  Prediction s o f  CLUSTER/ 2 

Set  A Set B Set C 

Categor y A 0 
0 
1 
0 
2 
2 
2 
1 

2 
0 

0 
0 
0 
1 
2 
2 
1 
2 

2 
0 

0 
1 
0 
0 
1 
2 
2 
2 

2 
0 

0 
0 
0 
0 
2 
2 
2 
2 

1 
1 

0 
0 
0 
2 
2 
2 
2 
1 
2 

0 

0 
0 
1 
0 
2 
2 
2 
2 
0 

0 

0 
2 
0 
0 
2 
2 
1 
2 
2 

0 

0 
0 
0 
0 
2 
0 
2 
2 
2 

1 

0 
2 
0 
1 
2 

0 
2 
1 
1 
1 

1 
1 
0 
0 
2 

0 
2 
0 
0 
2 

1 1 2 2 

Categor y B 1 2 2  1 
0 0  1 1 
2 2  1 1 
1 0 0  1 

Prediction s o f  Anderson' s Algorith m 
A simulatio n progra m o f  Anderson' s iterativ e algorith m wa s writte n i n GCLISP .  However ,  th e 

curren t  versio n o f  th e algorith m ha s a n obviou s limitatio n t o b e compare d t o th e result s o f  th e 

experimen t  whic h wil l  b e describe d i n th e nex t  section .  Sinc e th e probabilitie s ar e base d o n 

matchin g an d mismatchin g feature s o n th e sam e dimension ,  th e mode l  doe s no t  conside r  th e degre e 

of  mismatc h o n continuou s dimensions .  Mor e specifically ,  th e probabilit y  o f  a n objec t  comin g 

fro m a n ol d categor y depend s o n th e numbe r  o f  object s i n th e categor y s o fa r  wit h th e sam e valu e 

on th e it h dimensio n a s th e objec t  t o b e classifie d (Cki) .  Therefore ,  fo r  example ,  i n th e curren t 

algorithm ,  th e differenc e betwee n 1  c m an d 2  c m i s sam e a s th e differenc e betwee n 1  c m an d 1 0 

cm.  Onl y exac t  matche s ca n increas e th e probability . 

To exten d th e mode l  t o handl e continuou s dimensions ,  th e simulatio n progra m i s writte n i n a 

way t o increas e th e probabilit y  b y a  certai n amoun t  i f  th e tw o value s ar e simila r  alon g a  continuou s 

dimension .  Fo r  example ,  i f  ther e ar e thre e value s o n a  continuou s dimensio n (e.g .  3  cm ,  4  cm ,  an d 

5 c m ) ,  th e exac t  matc h wil l  increas e Ck i  b y one ,  th e moderat e matc h (e.g .  3  c m an d 4  cm ,  o r  4  c m 

and 5  c m )  wil l  increas e i t  b y 0.5 ,  an d th e extrem e mismatc h (e.g .  3  c m an d 5  c m )  wil l  increas e i t 

byO. 

Sinc e th e algorith m ha s potentia l  t o b e order-sensitive ,  tw o differen t  presentatio n order s wer e 

trie d fo r  eac h set ;  on e wit h th e lowes t  variabilit y  betwee n tw o consecutiv e exemplar s (e.g .  th e 

orde r  o f  0000 ,  0001 ,  0010 ,  etc. )  an d th e othe r  wit h th e highes t  variabilit y  (e.g .  th e orde r  o f  0000 , 

2222 ,  0001 ,  2221 ,  etc.) .  Th e presentatio n orde r  affecte d th e categorizatio n o f  Se t  B  an d C ,  an d th e 

tw o differen t  clustering s ar e eac h presente d unde r  "wit h lo w var "  an d "wit h hig h var "  i n Tabl e 3 . 

To compar e th e prediction s wit h th e result s obtaine d i n ou r  experiment ,  th e paramete r  c  wa s 

adjuste d t o generat e tw o categories .  Th e rang e o f  th e valu e o f  c  whic h generate d th e tw o categorie s 

i s specifie d i n th e las t  row . 

EXPERIMENT 
To tes t  whic h mode l  describe s huma n behavio r  better ,  a n experimen t  wa s conducte d wher e 

peopl e wer e aske d t o construc t  categorie s fro m examples . 
Metho d 

Each subjec t  receive d a  se t  o f  1 0 card s o n whic h example s wer e drawn .  Th e orde r  o f  th e card s 

withi n eac h se t  wa s randomize d an d on e se t  o f  card s wa s give n t o eac h subjec t  al l  a t  once .  The n 

the y wer e aske d t o categoriz e th e instance s int o tw o group s i n a  wa y tha t  seeme d natura l  t o them . 

They wer e als o tol d tha t  ther e coul d b e differen t  numbe r  o f  example s i n th e tw o group s an d tha t 

ther e wa s n o on e correc t  answer . 
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Table 3. Predictions of Anderson's model 

Set  A  Set B Se t  B  Se t  C  Se t  C 
wit h lo w va r  wit h hig h va r  wit h lo w va r  wit h hig h va r 

Category A 0 0 0 0 0 0 0 0 0 0 0 0 0 0 10 112 2 
0 0 0 1 0 0 0 1 0 0 0 1 0 0 1 1 1 0 0 1 
0 0 1 0 0 0 2 0 0 0 2 0 0 1 0 0 2 1 2 2 
0 1 0 0 0 1 0 0 0 1 0 0 1 1 0 0 1 1 0 0 
1 0 0 0 2 0 0 0 2 0 0 0 1 0 0 1 2 2 1 1 

2 0 2 2 1 2 2 1 0 1 0 0 
2 2 2 0 1 1 2 2 2 2 1 2 

0 0  1 1 
0 0  1 0 

Category B 2 2 2 2 2 2 2 2 2 2 2 2 2 2 12 12 2 1 
2 2 2 1 2 2 1 2 2 2 2 0 2 2 1 1 
2 2 1 2 1 2 2 2 2 2 1 2 2 1 2 2 
2 1 2 2  2  0  2  2 
1 2 2  2  1 2 2  2 

c value 0.3-0.8 for 0.3-0.5 0.3-0.7 ol 0.5-0.6 
lo w va r 
0.3-0. 7 fo r 
hig h va r 

There were three groups of subjects depending on which set of exemplars they received. We 
use d thre e set s o f  exemplar s specifie d i n Figur e 2 .  Th e actua l  dimension s use d wer e size ,  numbe r 
of  arms ,  type s o f  line ,  an d color .  Eac h dimensio n ha s thre e value s suc h a s small ,  medium ,  an d 
larg e fo r  th e siz e dimensio n an d green ,  red ,  an d yello w fo r  th e colo r  dimension .  Base d o n thes e 
dimension s an d values ,  outlin e drawing s o f  cartoonlik e starfis h wer e developed .  A  pilo t  stud y wa s 
als o conducte d t o creat e roughl y equa l  interval s betwee n tw o adjacen t  value s o n th e sam e 
dimensio n an d t o attemp t  t o equat e salienc y amon g dimensions . 

Sixt y undergraduat e student s a t  th e Universit y o f  Illinoi s participate d i n th e experimen t  i n 
partia l  fulfillmen t  o f  a  cours e requiremen t  fo r  introductor y psychology .  Ther e wer e 2 0 subject s i n 
eac h condition . 

Results and Discussion 
For  Se t  A ,  5 5 % o f  th e subject s produce d famil y resemblanc e categories ,  an d 4 5 % o f  th e 

subject s produce d uni-dimensiona l  sorting .  Fo r  Se t  B ,  100 % o f  th e subject s produce d uni -
dimensiona l  sorting .  Fo r  Se t  C ,  3 5 % o f  th e subject s produce d family-resemblanc e categories ,  5 5 % 
produce d uni-dimensiona l  sorting ,  an d 1 0 % produce d othe r  responses .  Tabl e 4  summarize s th e 
result s fro m th e presen t  experimen t  an d Medi n e t  al' s  experiments ,  an d th e prediction s mad e b y 
eac h mode l  fo r  comparison .  Th e number s i n parenthesi s indicat e th e percentag e o f  th e subjects ' 
sortin g predicte d b y eac h model .  Overall ,  th e two-stag e mode l  wa s th e bes t  predicto r  o f  th e 
subjects '  sorting . 

Two-stag e model . 
Overall ,  th e two-stag e mode l  seeme d t o giv e th e bes t  accoun t  o f  sorting .  Th e two-stag e mode l 

predicte d 5 5 % o f  th e subjects '  respons e o n Se t  A ,  100 % o n Se t  B  an d 3 5 % o n Se t  C .  Th e reaso n 
why th e two-stag e mode l  di d no t  predic t  4 5 % o f  th e respons e o n Se t  A  an d 6 5 % o n Se t  C  ca n b e 
explaine d i n term s o f  differen t  strategie s use d i n th e secon d stage .  A t  first ,  i t  wa s assume d tha t 
peopl e judg e overal l  similarit y o f  exception s t o initiall y  create d categorie s i n th e secon d stage . 
However ,  subject s coul d hav e als o classifie d th e remainin g example s base d o n th e similarit y o f  th e 
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Table 4. Summary of results and predictions made by each model 

Medin et al. Set A Set B Set C 

Subjects 1-D 100% FR 55% FR 0% FR 35% 
1- D 4 5 % 1- D 100 % 1- D 5 5 % 

other s 1 0 % 

Two-stag e 

CLUSTER/2 

Anderso n 
wit h lo w va r 
wit h hig h va r 

1- D (100% ) 

FR (0% ) 
FR (0% ) 

FR (55% ) 

1- D alon g D4(0% ) 

FR (55% ) 
FR (55% ) 

1- D (100% ) 

1- D alon g D 4 (0% ) 

othe r  ( 0 % ) 
FR (0% ) 

FR (35% ) 

1- D alon g D 4 ( 0 % ) 

1- D (55% ) 
othe r  (0% ) 

valu e o n th e salien t  dimensio n t o th e valu e o n th e sam e dimensio n i n eac h categor y create d initially . 

For  example ,  suppos e th e subject s create d smal l  vs .  larg e categorie s i n th e firs t  stag e an d th e 

remainin g example s ha d med iu m size .  The n subject s migh t  compar e th e similarit y o f  med iu m t o 

larg e an d th e similarit y o f  mediu m t o small .  The n the y migh t  plac e th e remainin g example s i n th e 

categor y wit h th e highe r  similarity .  I n thi s case ,  uni-dimensiona l  categorie s wer e create d fro m Se t 

A an d Se t  C . 

To furthe r  tes t  thi s idea ,  i n th e follow-u p study ,  w e aske d subject s t o creat e tw o categorie s o f 

equa l  size .  Thi s tas k presumabl y prevent s subject s fro m usin g th e strateg y tha t  wa s jus t  describe d 

becaus e thi s strateg y create s tw o unequa l  size d categories .  I n thi s experimen t  usin g Se t  A  only , 

1 0 0 % o f  subject s create d famil y resemblanc e categories .  Thi s resul t  strongl y suggest s tha t  th e uni -

dimensiona l  sortin g obtaine d i n th e curren t  stud y i s du e t o thi s strateg y difference . 

CLUSTER/2. 
C L U S T E R y2 coul d no t  predic t  an y o f  th e famil y resemblanc e sortin g obtaine d i n thi s 

experimen t  a s show n i n Tabl e 4 .  Furthermore ,  th e uni-dimensiona l  categorie s predicte d b y th e 

syste m doe s no t  hav e th e sam e strucmr e a s th e subjects '  uni-dimensiona l  categories .  Whil e th e 

syste m use d a  nomina l  dimensio n (D4 )  t o divid e th e example s int o two ,  subject s preferre d 

continuou s dimension s presumabl y becaus e the y wan t  t o us e tw o extrem e value s t o creat e 

contrastin g categories . 

Anderson's model. 
Regardles s o f  inpu t  ordering ,  th e mode l  correctl y predicte d famil y resemblanc e sortin g fro m 

Set  A ,  whic h wa s 5 5 % o f  subjects '  response .  Also ,  whe n th e lo w variabilit y  orderin g wa s used , 

th e mode l  coul d predic t  subjects '  uni-dimensiona l  sortin g fro m Se t  C ,  whic h wa s 5 5 % o f  subjects ' 

response .  However ,  whe n th e hig h variabilit y  orderin g wa s used ,  Anderson' s mode l  faile d t o 

predic t  an y sortin g fro m Se t  C .  Also ,  th e mode l  wa s no t  a  goo d predicto r  fo r  Se t  B  an d th e se t 

use d i n Medi n e t  al' s  experiments ,  a s mentione d earlier . 

The prediction s o f  Anderson' s mode l  i s  har d t o compar e becaus e i t  i s  no t  clea r  h o w th e effec t 

of  differen t  inpu t  orderin g shoul d b e interpreted .  Althoug h th e subject s receive d eac h se t  o f  card s 

al l  a t  once ,  i t  i s  possibl e tha t  th e subject s migh t  hav e selecte d an d classifie d th e example s i n th e lo w 

variabilit y  order .  Additiona l  assumption s o n h o w subject s handl e eac h exampl e incrementall y see m 

t o b e necessary .  I n addition ,  hi s mode l  doe s no t  see m t o b e abl e t o explai n w h y al l  subject s 

generate d famil y resemblanc e categorie s firom  Se t  A  whe n aske d t o creat e tw o equal-size d group s 

as mentione d earlier .  Th e effec t  o f  variou s tas k demand s seem s t o b e outsid e th e boundar y 

condition s fo r  thi s model . 
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CONCLUSION 
So far .  w e hav e show n tha t  th e two-stag e mode l  predict s th e experimenta l  dat a th e bes t  amon g 

th e thre e clusterin g model s considered .  Peopl e see m t o lik e structure s wit h mor e organizatio n tha n 
i s presen t  i n th e example s (i.e .  definin g features )  bu t  the n give n th e demand s o f  th e tas k (assignin g 
al l  example s t o on e o f  tw o categories) ,  the y hav e t o figure  ou t  wha t  t o d o wit h th e example s tha t  d o 
not  fit . 

I n a  simila r  view ,  Michalsk i  ha s propose d a  two-tiere d concep t  representatio n (Michalski ,  i n 
press) .  I n thi s representation ,  concept s consis t  o f  th e first  tier ,  calle d th e Bas e Concep t 
Representatio n (i.e .  typica l  propenie s o f  a  concep t  i n a n explicit ,  comprehensible ,  an d efficien t 
form )  an d th e secon d tier ,  calle d th e Inferentia l  Concep t  Interpretatio n (i.e .  inferenc e rule s an d 
metaknowledg e tha t  defin e allowabl e transformation s o f  th e concep t  unde r  differen t  contexts ,  an d 
handl e specia l  case s an d exceptiona l  instances) . 

Fillmor e (1982 )  an d Lakof f  (1987 )  argue d tha t  concept s consis t  o f  idealize d cognitiv e model s 
wit h clea r  boundarie s an d necessar y an d sufficien t  conditions .  Accordin g t o them ,  th e reaso n wh y 
natura l  concept s hav e fuzz y boundarie s i s simpl y becaus e th e backgroun d condition s fo r  th e 
idealize d mode l  d o no t  exactl y  fi t  th e rea l  worl d situations . 

I n ou r  two-stag e model ,  th e first  stag e represent s idea l  rathe r  tha n typica l  features .  Processe s 
associate d u  it h th e secon d stag e yiel d categorie s wher e thes e ide a o r  definin g feature s becom e 
convene d t o typica l  features .  I n th e sam e way ,  famil y resemblanc e categorie s ma y represen t  a 
compromis e betwee n a  preferenc e fo r  highl y structure d concept s an d th e necessit y o f  mappin g 
concept s ont o rea l  worl d examples . 
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