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Abstrac t 

In an experiment, subjects learned about new categories for 
wbic h tbe y ha d prio r  beliefs ,  an d mad e probabilit y 
judgment s a t  variou s point s durin g th e cours e o f  learning . 
The response s wer e analyze d i n term s o f  bia s du e t o prio r 
belief s an d i n term s o f  sensitivit y t o th e conten t  o f  th e ne w 
categories .  Thes e result s wer e compare d t o th e prediction s 
of  fou r  model s o f  belie f  revisio n o r  categorization :  (1 )  a 
Bayesia n estimatio n procedur e (Raiff a &  Schlaifer ,  1961) ; 
(2 )  th e integratio n mode l  (Heit ,  1993 ,  1994) ,  a 
categorizatio n mode l  tha t  i s  a  generalizatio n o f  th e 
Bayesia n model ;  (3 )  a  linea r  operato r  mode l  tha t  perform s 
seria l  averagin g (Bus h &  Mosteller ,  1955) ;  an d (4 )  a 
simpl e adaptiv e networ k mode l  o f  categorizatio n (Gluc k & 
Bower ,  1988 )  tha t  i s a  generalizatio n o f  th e hnea r  operato r 
model .  Subject s wer e conservativ e i n term s o f  sensitivit y 
t o ne w information ,  compare d t o th e prediction s o f  th e 
Bayesia n mode l  an d th e linea r  operato r  model .  Th e 
networ k mode l  wa s abl e t o accoun t  fo r  thi s conservatism , 
howeve r  thi s mode l  predicte d a n extrem e degre e o f 
forgettin g o f  prio r  belief s compare d t o tha t  show n b y 
human subjects .  O f  th e fou r  models ,  th e integratio n mode l 
provide d th e closes t  accoun t  o f  bia s du e t o prio r  belief s an d 
sensitivit y t o ne w informatio n ove r  th e cours e o f  categor y 
learning . 

Imagine that you are an American traveling in Europe for 
th e first  time .  Unti l  n o w ,  you r  concept s o f  people , 
locations ,  an d thing s i n Europea n citie s hav e bee n largel y 
shape d throug h medi a image s rathe r  tha n direc t  experience . 
For  example ,  suppos e tha t  you r  concep t  o f  peopl e i n Cit y P 
include s th e stron g prio r  belie f  tha t  thes e peopl e ten d t o b e 
unfriendl y t o Americans .  T o b e specific ,  yo u migh t  expec t 
tha t  o n 9 0 % o f  you r  encounter s wit h peopl e i n Cit y P ,  th e 
perso n yo u mee t  wil l  b e rud e o r  unfriendly .  N o w sa y tha t 
durin g th e first  da y o f  you r  visit ,  yo u mee t  te n citizen s o f  P . 
T o you r  deligh t  an d surprise ,  onl y thre e o f  the m ac t 
unfriendl y t o you .  You r  expectation s abou t  peopl e i n Cit y 
P m a y hav e bee n derive d fro m a n inaccurat e stereotype . 
Clearly ,  you r  concep t  o f  thes e peopl e mus t  b e revise d i n 
ligh t  o f  thes e n e w observations .  Bu t  h o w m u c h revisio n 
shoul d tak e place ? W h e n yo u trave l  th e nex t  day ,  wil l  yo u 
expec t  th e majorit y o f  peopl e t o b e unfriendl y o r  friendly ? 
Say tha t  o n th e nex t  day ,  yo u mee t  te n mor e people ,  an d 
again ,  thre e peopl e ar e unfriendly .  H o w d o yo u pu t  togethe r 
you r  prio r  knowledge ,  th e first  day' s observations ,  an d th e 
secon d day' s observations ? 

Belie f  revisio n i s a n importan t  tas k tha t  peopl e fac e often , 
eve n w h e n the y ar e no t  travelin g th e world .  Wheneve r 

peopl e lear n n e w concepts ,  the y m a y brin g t o bea r  thei r 
previou s expectation s an d theorie s (Murph y &  Medin ,  1985 ; 
Murphy ,  1993) .  Typicall y ther e wil l  b e som e discrepanc y 
betwee n prio r  knowledg e an d wha t  i s observe d abou t  a  ne w 
category ,  otherwis e ther e woul d b e nothin g t o learn . 
Therefore ,  categor y learnin g m a y b e considere d a s a  kin d o f 
belie f  revision .  Furthermore ,  categorie s i n th e worl d ca n 
chang e ove r  time ,  s o belief s abou t  thes e categorie s mus t  b e 
update d periodically .  Fo r  example ,  improvement s i n 
technolog y hav e le d t o change s i n people' s concept s o f 
telephone s (Elliot t  &  Anderson ,  i n press) . 

Th e experimen t  i n thi s pape r  addresse s th e dynamic s o f 
categor y learning ,  i n whic h performanc e depend s o n prio r 
knowledg e an d n e w observations .  Subject s ha d initia l 
belief s abou t  person s i n a  fictional  plac e referre d t o a s Cit y 
W,  the n graduall y revise d thei r  concept s a s the y observe d 
description s o f  person s i n Cit y W .  T h e result s ar e 
considere d i n term s o f  fou r  computationa l  model s o f  belie f 
revision . 

Method 
O v e r v i e w .  First ,  th e subjects '  initia l  belief s abou t 
variou s categorie s o f  peopl e i n a  ne w city ,  e.g. ,  sh y people , 
joggers ,  wer e assessed .  The n th e subject s observe d 
description s o f  peopl e i n Cit y W .  S o m e desaiption s wer e 
congruen t  wit h prio r  knowledge ,  suc h a s a  sh y perso n wh o 
avoid s parties ,  an d som e description s wer e incongruent ,  suc h 
as a  jogge r  withou t  expensiv e runnin g shoes .  Thi s 
observatio n phas e wa s interrupte d periodicall y a s subject s 
wer e aske d t o m a k e probabilit y  judgment s abou t  transfe r 
stimuli .  Overall ,  th e procedur e wa s simila r  t o tha t  o f  Hei t 
(1994) ,  excep t  tha t  th e subjects '  changin g belief s wer e 
assesse d a  tota l  o f  five  time s ove r  th e cours e o f  learning . 

Stimuli. Each subject saw training examples derived from 
five  couplet s o f  descriptiv e term s (se e Tabl e 1 ;  th e complet e 
poo l  i s i n Heit ,  1994) .  Eac h couple t  o f  fou r  feature s wa s 
comprise d o f  tw o pair s o f  opposite s o r  complements .  Fo r 
example ,  no t  sh y i s th e complemen t  o f  shy ,  an d doe s no t 
atten d partie s ofte n i s th e complemen t  o f  attend s partie s 
often .  Th e firs t  an d thir d ite m i n eac h couple t  wer e 
congruen t  wit h eac h othe r  (e.g. ,  sh y an d doe s no t  atten d 
partie s often) ,  likewis e th e secon d an d fourt h ite m wer e 
congruent .  Th e first  an d fourt h items ,  a s wel l  a s th e secon d 
an d thir d items ,  wer e incongruen t  (e.g. ,  sh y an d attend s 
partie s often) .  Th e stimul i  wer e pre-teste d o n othe r  subject s 
t o validat e thi s manipulatio n o f  prio r  knowledg e (se e Heit , 
1994) . 
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Tabl e 1 :  Featur e Couplet s (Examples ) 

Shy /  no t  sh y 
Does no t  atten d partie s ofte n /  attend s partie s ofte n 

Jogs regularly / does not jog regularly 
O w ns expensiv e runnin g shoe s /  doe s no t  o w n expensiv e 

runnin g shoe s 

Travels two or more times per year / travels less than two 
time s pe r  yea r 

Has frequen t  flye r  numbe r  /  doe s no t  hav e frequen t  flye r 
number 

Watches more TV than average / watches less TV than 
averag e 

Reads book s les s tha n averag e /  Read s book s mor e tha n 
aveaag e 

Generous / not generous 
Donate s t o charit y /  doe s no t  donat e t o charit y 

Each training example was a desaiption of a person, in 
term s o f  tw o feature s fro m a  couplet .  A  pairin g o f  tw o 
feature s wa s eithe r  congruen t  o r  incongruent .  Th e five 
couplet s wer e assigne d randoml y fo r  eac h subjec t  t o th e 
followin g structure :  on e couple t  ha d 0 % congruen t  pairings , 
one couple t  ha d 2 5 % congruen t  pairs ,  on e couple t  wa s 5 0 % 
congruent ,  on e wa s 7 5 % congruent ,  an d on e wa s 1 0 0 % 
congruent .  Fo r  example ,  whe n th e shyness-partie s couple t 
was assigne d t o th e 1 0 0 % congruent  condition ,  al l  th e sh y 
peopl e di d no t  atten d partie s ofte n an d al l  th e non-sh y peopl e 
di d atten d partie s often . 

Procedure. At the beginning of the experiment, subjects 
wer e tol d tha t  the y woul d se e description s o f  person s livin g 
i n Cit y W ,  a  cit y locate d i n Illinois .  Th e procedur e followe d 
a test-study-test-study-test-study-test-study-tes t  sequence .  I n 
th e firs t  tes t  block ,  subjects '  prio r  belief s abou t  peopl e i n 
Cit y W wer e assessed ,  presumabl y reflectin g thei r  genera l 
knowledg e abou t  peopl e i n Illinois .  Withi n a  stud y block , 
th e trainin g example s wer e presente d individually ,  i n a 
rando m order ,  abou t  ever y 3. 5 seconds .  I n eac h stud y block , 
subject s wer e presente d wit h fort y trainin g examples ,  eigh t 
per  couplet .  I n effect ,  subject s wer e give n fou r  member s o f 
eac h categor y durin g a  stud y block .  Fo r  example ,  subject s 
woul d se e fou r  description s o f  sh y person s i n eac h stud y 
block .  Eac h o f  th e fou r  stud y block s wa s followe d b y a  tes t 
block .  Thus ,  subject s wer e teste d afte r  the y ha d observe d 0 , 
4,  8 ,  12 ,  an d 1 6 member s pe r  category . 

I n eac h tes t  phase ,  subject s m a d e 2 0 conditiona l 
probabilit y  estimates .  Thes e question s wer e worde d a s 
follows : 

Consider a person from City W with the following 
characteristic :  x 
H ow likel y i s i t  tha t  thi s perso n woul d als o hav e thi s 
characteristic ? A , 

wher e x  an d A  wer e tw o features .  Subject s responde d o n a 
scal e fro m 0 % t o 100% .  Th e tes t  stimu U fo r  eac h bloc k ha d 
a tw o facto r  design :  (1 )  whethe r  th e tw o feature s wer e 
congruen t  o r  incongruen t  wit h eac h other ;  an d (2 )  th e 
conditiona l  probabilit y  o f  presentatio n durin g th e stud y 
phase ,  whic h wa s 0 % ,  2 5 % ,  5 0 % ,  7 5 % ,  o r  1 0 0 % .  Eigh t 
tes t  question s wer e derive d fro m eac h couplet ,  thu s ther e 
wer e 4 0 possibl e tes t  questions .  I n eac h tes t  phase ,  2 0 o f 
thes e question s wer e chose n randoml y an d aske d o f  th e 
subject . 

Subjects. Forty-two Northwestern University 
undergraduate s participated . 

Results 

Th e averag e response s a t  differen t  point s durin g th e 
experimen t  ar e show n i n th e first  colum n o f  Figur e 1 .  Th e 
to p pane l  show s th e initia l  responses ,  befor e an y trainin g 
had begun .  Here ,  subject s clearl y wer e influence d b y thei r 
prio r  knowledge ,  a s indicate d b y th e highe r  judgment s fo r 
congruen t  tes t  question s (e.g. ,  h o w likel y a  jogge r  i s t o o w n 
expensiv e runnin g shoes )  compare d t o incongruen t  tes t 
question s (e.g. ,  h o w likel y a  sh y perso n i s t o atten d partie s 
often) .  Ther e wa s n o influenc e o f  observe d proportio n o f 
stimul i  co-occurring ,  becaus e a t  thi s poin t  th e subject s ha d 
not  observe d an y trainin g stimuli .  (Fo r  th e to p panel ,  th e 
observe d proportion s wer e define d fo r  th e experimen t  bu t  no t 
know n t o th e subjects. )  Th e lowe r  panel s i n thi s column , 
correspondin g t o categor y size s 4 ,  8 ,  12 ,  an d 16 ,  sho w tha t 
subject s di d revis e thei r  belief s a s the y observe d peopl e i n 
Cit y W .  T w o concept s ar e critica l  fo r  understandin g thes e 
trends . 

First ,  i t  i s  usefu l  t o conside r  subjects '  bias ,  tha t  is ,  th e 
direc t  influenc e o f  prio r  knowledg e abou t  thes e categories . 
Bia s m a y b e measure d i n term s o f  th e differenc e betwee n 
congruen t  an d incongruen t  judgments ,  a t  a  give n leve l  o f 
observe d proportion .  Fo r  example ,  a  subjec t  wit h n o bia s 
woul d sho w zer o differenc e betwee n congruen t  an d 
incongruen t  lines .  Th e secon d consideratio n i s th e subjects ' 
sensitivit y t o wha t  the y observed .  Tha t  is ,  h o w wel l  d o th e 
estimate d proportion s reflec t  th e observe d proportion s o f 
categor y membershi p i n Cit y W ? Sensitivit y ca n b e 
measure d i n term s o f  th e slop e o f  th e Une s i n Figure  1 .  A 
zer o slop e indicate s n o sensitivit y t o observe d proportion , 
an d highe r  slope s approachin g on e indicat e greate r 
sensitivity . 

N o w,  lookin g a t  th e panel s i n th e first  colum n o f  Figur e 
1 fro m to p t o bottom ,  tw o trend s ar e apparent .  First ,  wit h 
mor e experience ,  subject s becam e les s biase d b y prio r 
knowledge ;  th e line s ten d t o converge .  Second ,  subject s 
became mor e sensitiv e t o th e observe d dat a wit h mor e 
experience ;  th e slope s increase .  (Als o se e Tabl e 2. ) 

Statistica l  analyse s supporte d thes e observations .  Ther e 
was a  mai n effec t  o f  congruen t  versu s incongruen t  tes t 
question ,  indicatin g tha t  subject s gav e highe r  judgment s fo r 
congruen t  questions ,  F(l,41)=83.0 ,  p<.001 .  Th e congruen t 
versu s incongruen t  facto r  exhibite d a n interactio n wit h tes t 
block ,  suc h tha t  th e differenc e betwee n congruen t  an d 
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Figur e 1 :  Result s an d mode l  predictions . 

incongruen t  question s diminishe d wit h mor e item s studied , 
F{4 ,  164)=37.0 ,  p<.001 .  Ther e wa s als o a  mai n effec t  o f 
objectiv e probability ,  F(4 ,  164)=70.2 ,  p<.00l ,  indicatin g 
tha t  subjects '  judgment s wer e sensitiv e overal l  t o wha t  the y 
observed .  Thi s effec t  o f  objectiv e probabiUt y interacte d wit h 
testin g block ,  F(16 ,  656)=23.0 ,  p<.001 ,  suc h tha t  subject s 
wer e mor e sensitiv e t o objectiv e probabilit y a s mor e item s 
were studied . 

Model Evaluations 

Four  model s wer e considere d a s account s fo r  thes e results . 
The first  two ,  th e Bayesia n revisio n mode l  an d th e linea r 
operato r  model ,  wer e include d becaus e the y ar e classi c 
model s o f  learnin g an d judgment .  Th e integratio n mode l  i s 
an exempla r  mode l  o f  categorizatio n tha t  generalize s th e 

Bayesia n model .  Also ,  a  simpl e connectionis t  networ k 
model ,  a  generalizatio n o f  th e linea r  operato r  model ,  wa s 

considere d 

Bayesian and Linear Operator Models 

The Bayesia n revisio n mode l  provide s a  mean s fo r 
combinin g a  prio r  belie f  at>ou t  a  statistica l  paramete r  wit h 
new observation s (Raiff a &  Schlaifer ,  1961) .  Thi s mode l  i s 
especiall y importan t  becaus e withi n th e framewor k o f 
Bayesia n statistica l  theor y i t  i s  take n t o l) e a  normativ e 
procedure .  Therefore ,  comparin g th e result s o f  thi s 
experimen t  t o th e prediction s o f  th e Bayesia n mode l  give s 
some perspectiv e o n whethe r  subject s wer e behavin g 
optimally .  Th e Bayesia n formul a fo r  revisin g a n estimat e o f 
a proportio n i s show n i n Equatio n 1 . 
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Pn = 
Np +  G q 

N +  G 
(1 ) 

I n thi s equation ,  P j ^  i s th e estimate d proportio n o f  item s 
wit h descriptio n x  tha t  belon g t o categor y A ,  afte r  N 
observation s hav e bee n made .  Th e variabl e q  represent s th e 
prio r  estimat e o f  thi s proportio n (befor e an y observation) , 
and G  indicate s th e strengt h o f  thi s prio r  belief .  Th e 
variabl e p  i s th e proportio n o f  th e n e w observation s tha t 
belon g t o categor y A .  A s A '  inaeases ,  th e estimat e depend s 
mor e o n th e observe d proportion ,  p ,  an d les s o n th e prio r 
belief ,  q . 

The linea r  operato r  mode l  i s  derive d fro m classi c 
mathematica l  learnin g theor y (Bus h &  Mosteller ,  1955) ,  an d 
thi s mode l  ha s bee n applie d t o numerou s result s i n learnin g 
and probabilit y  judgmen t  (se e Bowe r  &  Heit ,  1992) . 
Furthermore ,  thi s formul a i s usefu l  fo r  calculatin g a  runnin g 
estimat e o f  a  proportio n usin g a n anchor-and-adjus t 
procedur e (Busemeyer ,  1991) .  Thi s mode l  i s  show n i n 
Equatio n 2 . 

PN=PN-^+P{dN-PN-^ ) (2 ) 

Not e tha t  P q i s se t  t o q ,  th e prio r  belie f  abou t  thi s 
proportion .  Th e indicato r  variabl e di\ f  refer s t o wha t  i s 
observe d o n tria l  N ;  i t  i s  assigne d a  valu e o f  1  whe n th e 
observe d ite m i s i n categor y A  an d a  valu e o f  0  whe n th e 
observe d ite m i s no t  i n categor y A .  Not e tha t  th e expecte d 
valu e o f  d!\ i  i n Equatio n 2  i s equivalen t  t o th e proportio n p 
i n Equatio n 1 .  Finally ,  p  refer s t o th e learnin g rate ,  betwee n 
0 an d 1 .  Th e estimate d proportio n afte r  observatio n N  i s th e 
previou s estimate ,  fro m tria l  N  -  1 ,  plu s a  correction , 
determine d b y differenc e betwee n wha t  i s observed ,  d^ ,  an d 
th e previou s estimate ,  Pm-I -  I n th e asymptote ,  P n wil l 
approac h p ,  th e proportio n o f  observe d item s i n categor y A . 

Not e tha t  eac h o f  thes e model s ha s tw o fre e parameters. ^ 
The valu e o f  q ,  th e prio r  estimat e o f  th e proportion ,  wa s 
estimate d fo r  eac h mode l  fro m th e response s o n th e first 
bloc k o f  tes t  trials ,  befor e an y observation s ha d take n place . 
The best-fittin g valu e of ,  q ,  derive d algebraically ,  wa s .72 . 

To estimat e th e othe r  parameters ,  th e tw o model s wer e 
fitted  t o th e averag e response s o n th e 5 0 tes t  questions .  Th e 
value s o f  G  an d P  i n th e tw o model s wer e estimate d b y 
simulatin g eac h mode l  wit h variou s paramete r  values ,  an d 
searchin g throug h th e paramete r  spac e wit h th e criterio n o f 
minimizin g th e roo t  mea n squar e erro r  o f  predictio n ove r  th e 
50 judgments .  Fo r  th e Bayesia n model ,  whe n G  ha d th e 
valu e o f  10.08 ,  th e roo t  mea n squar e erro r  ( R M S e )  o f  th e 
model  wa s .0504 .  Fo r  th e linea r  operato r  model ,  whe n P 
had th e valu e o f  .064 ,  th e R M S e o f  th e mode l  wa s .0563 . 
(Becaus e tria l  orde r  ha s a  sligh t  effec t  o n th e prediction s o f 

'Th e averag e o f  al l  th e response s i n thi s experimen t  wa s 53% ; 
however ,  eac h o f  th e fou r  model s t o b e considere d predict s a n 
averag e respons e o f  50% .  Th e discrepanc y seem s t o b e du e t o a 
sligh t  lac k o f  calibratio n b y th e subject s (se e Heit ,  1994 ; 
Wallste n &  Gonzalez-Vallejo ,  1994) .  T o compensat e fo r  thi s 
difference ,  a  correctio n o f  .0 3 wa s adde d t o ever y predictio n o f 
each model . 

th e linea r  operato r  model ,  thi s mode l  wa s simulate d wit h 
100 differen t  rando m order s o f  trials ,  an d th e prediction s wer e 
averaged. )  I n term s o f  th e R M S e performanc e measure ,  th e 
tw o model s ar e close ,  bu t  th e Bayesia n mode l  i s  slightl y 
better . 

Th e best-fittin g prediction s o f  th e Bayesia n model s ar e 
show n a s th e line s i n th e secon d colum n o f  Figur e 1 , 
overiai d o n th e dat a points .  (Th e prediction s o f  th e linea r 
operato r  mode l  ar e no t  shown ,  bu t  the y ar e simila r  t o th e 
Bayesia n model. )  Th e model s captur e th e qualitativ e patter n 
of  belie f  revision :  Wit h mor e observation s o f  categor y 
members ,  th e model s predic t  tha t  bia s decrease s an d 
sensitivit y increases .  However ,  th e subjects '  response s wer e 
m u ch les s sensitiv e tha n wha t  i s predicte d b y th e models . 
Thi s finding  i s  eviden t  i n th e secon d co lum n fro m 
comparin g th e slope s o f  th e line s t o th e slope s o f  th e dat a 
points-th e line s hav e steepe r  slopes ,  indicatin g greate r 
sensitivit y fo r  th e models .  Anothe r  w a y o f  statin g thi s 
result  i s  that ,  compare d t o th e normativ e Bayesia n mode l  a s 
wel l  a s th e linea r  operato r  model ,  subject s wer e conservativ e 
i n term s o f  sensitivity . 

Th e subjects '  conservatis m migh t  deriv e fro m additiona l 
detail s o f  processing ,  suc h a s m e m o r y confusion s o r  a  lac k 
of  sensitivit y i n th e respons e scale ,  no t  capture d b y thes e 
models .  Th e nex t  tw o model s t o b e describe d ar e simila r  t o 
th e Bayesia n an d linea r  operato r  models ,  excep t  fo r  additiona l 
processin g assumptions . 

Integration and Network Models 

Th e integratio n mode l  (Heit ,  1993 ,  1994 )  i s a n exempla r 
model  o f  categorizatio n tha t  ha s alread y bee n applie d t o 
severa l  categorizatio n experiment s wher e subject s wer e 
influence d b y pre-experimenta l  knowledge .  ITi e critica l 
clai m o f  th e integratio n mode l  i s  tha t  whe n peopl e lear n 
abou t  a  ne w category ,  the y ar e influence d b y prio r  example s 
from  other ,  relate d categories .  Informatio n fro m prio r 
example s an d fro m n e w observation s i s  simpl y s u m m e d 
together .  Fo r  example ,  i n learnin g abou t  sh y peopl e i n Cit y 
W,  subject s woul d b e influence d b y memorie s o f  sh y peopl e 
from  othe r  place s a s wel l  b y actua l  observation s o f  peopl e i n 
Cit y W .  Suc h transfe r  o f  memorie s from  on e sourc e o r 
contex t  t o anothe r  ha s bee n describe d an d documente d b y 
Johnson ,  Hashtroudi ,  an d Lindsa y (1993) . 

For  th e presen t  experiment,  i n whic h subject s predicte d a 
categor y give n a  singl e feature ,  th e integratio n mode l  i s a 
generalizatio n o f  th e Bayesia n revisio n model .  T h e 
integratio n mode l  i s  describe d b y Equatio n 3  (se e Heit , 
1994) . 

Pn = 
Np +  G q +  sN{1-p )  +  sG{'\-q ) 

N +  G  +  s N +  s G 
(3 ) 

The ne w variabl e i n thi s equatio n i s s ,  whic h measure s th e 
degre e o f  confusion s i n m e m o r y (se e Medi n &  Schaffer , 
1978) .  Th e valu e o f  s  m a y rang e from  0  t o 1 ,  wit h greate r 
value s indicatin g poore r  featur e memory .  Not e tha t  whe n s 
= 0 ,  Equatio n 3  i s equivalen t  t o Equatio n 1  fo r  th e Bayesia n 
model .  I n th e integratio n model ,  G  i s  interprete d a s a 
number  o f  prio r  example s retrieve d fo r  a  give n categor y A , 
and q  i s th e proportio n o f  prio r  example s wit h descriptio n x . 
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The fina l  mode l  t o b e considere d i s a  simpl e connectionis t 
networ k mtxle l  propose d b y Gluc k an d Bowe r  (1988) .  Thi s 
model  learn s direc t  association s betwee n inpu t  unit s an d 
outpu t  unit s usin g th e least-mean-squar e ( L M S )  learnin g 
rule .  Thi s mode l  i s  particularl y appropriat e becaus e subject s 
predicte d singl e variable s fro m a  singl e cue .  Th e networ k 
model  i s  quit e simila r  t o th e linea r  operato r  mode l  i n 
Equatio n 2 ,  wit h a  fe w exceptions .  First ,  th e trainin g 
signal s (dn )  a s wel l  a s th e prio r  belie f  {q )  rang e fro m - 1 t o 1 
instea d o f  0  t o 1 .  Second ,  th e outpu t  o f  th e linea r  operato r 
model  i s passe d throug h a  logisti c activatio n function ,  Pf ^  = 
1 /  ( 1 +  ex p (- 9 Of j  )) .  Here ,  Of ^  refer s t o th e valu e 
obtaine d fro m Equatio n 2 ,  an d 6  i s a  scalin g parameter . 
Increasin g value s o f  9  indicat e greate r  overal l  sensitivit y i n 
judgments . 

Each mode l  ha s thre e fre e parameters .  T o mak e th e fits  o f 
th e integratio n an d networ k model s comparabl e t o othe r 
models ,  thes e model s wer e constraine d t o fit  th e initia l  se t  o f 
judgment s a s closel y a s possible .  Afte r  som e algebrai c 
manipulation ,  th e model s wer e constraine d a s follows .  Fo r 
th e integratio n model ,  q  mus t  b e equa l  t o . 5 +  ((.22 )  ( 1 - h .y) ) 
/  { I  -  s )  t o fit  th e initia l  judgments .  Fo r  th e networ k model , 
^ = . 9 4 / 9 . 

Wit h thos e constraint s set ,  th e fre e parameter s wer e 
estimated .  Fo r  th e integratio n model ,  whe n th e q  paramete r 
was .85 ,  G  wa s 4.73 ,  an d s  wa s .23 ,  th e EiMS e o f  th e mode l 
was .0261 ,  abou t  hal f  th e erro r  o f  th e Bayesia n model .  Fo r 
di e networ k model ,  whe n th e valu e o f  q  wa s .73 ,  P  wa s .12 , 
and 9  wa s 1.29 ,  th e R M S e o f  th e mode l  wa s .0364 , 
intermediat e betwee n th e integratio n mode l  an d th e othe r  tw o 
models .  Th e prediction s o f  thes e tw o model s ar e show n a s 
di e line s i n thir d an d fourt h column s o f  Figur e 1 . 

Wit h th e additiona l  fre e parameter s allowin g som e degre e 
of  memor y confusion s o r  lac k o f  responsiveness ,  di e model s 
no w giv e goo d account s o f  subjects '  sensitivit y ove r  th e 
cours e o f  learning .  Not e tha t  i n th e thir d an d fourt h 
columns ,  unlik e th e secon d column ,  th e slope s o f  th e line s 
(Ui e mode l  predicuons )  ar e quit e clos e t o th e slope s o f  Ui e 
dat a points .  Th e integratio n mode l  als o give s a n excellen t 
accoun t  o f  h o w subjects '  biase s du e t o prio r  knowledge ,  i n 
term s o f  th e differenc e betwee n congruen t  an d incongruen t 
lines ,  chang e ove r  th e cours e o f  learning .  I n contrast ,  di e 
networ k give s a  poo r  accoun t  o f  bia s du e t o prio r 
knowledge .  Th e networ k mode l  predict s tha t  th e initia l 
biase s wil l  b e nearl y forgotte n nea r  th e en d o f  learning ,  i.e. , 
th e line s nearl y converg e i n th e botto m tw o panel s o f  Ui e 
fourt h column .  I n contras t  t o thi s prediction ,  subject s stil l 

showe d substantia l  bia s toward s th e en d o f  learning .  Thi s 
model' s rapi d forgettin g o f  earlie r  belief s i s simila r  t o di e 
phenomeno n o f  catastrophi c interferenc e i n mor e comple x 
network s (Ratcliff ,  1990) . 

W hy doe s th e integratio n mode l  give s a  bette r  accoun t  o f 
di e prio r  knowledg e bia s tha n di e networ k model ? Th e 
integratio n mode l  assume s tha t  prio r  example s an d previou s 
observation s hav e a  persisten t  influence ,  eve n a s ne w 
example s ar e observed .  A s a  learne r  accumulate s mor e 
information ,  th e margina l  influenc e o f  eac h additiona l 
observatio n decreases .  Thi s ca n b e see n b y rewridn g 
Equatio n 1  a s a  differenc e equatio n analogou s t o Equatio n 2 . 
(Equatio n 3  ca n als o b e rewritte n a s a  differenc e equatio n t o 
make a  simila r  point ,  bu t  th e resultin g equatio n i s  mor e 
unwieldy. ) 

P n = P. 
1 

A/- 1 
G +  N 

{dN-PN-^ ) 
(4 ) 

What  i s critica l  i n EquaUo n 4  i s dia t  di e learnin g rate ,  1  /  ( G 
+ N ) ,  decrease s a s mor e item s ar e observed ,  i.e. ,  a s A^ 
increases .  I n contrast ,  i n th e learnin g rul e fo r  th e networ k 
model  i n Equado n 2 ,  th e estimat e i s revise d a t  a  fixed  rate , 
P,  regardles s o f  th e numbe r  o f  previou s observations . 
Toward s th e en d o f  th e experiment ,  th e networ k mode l  wa s 
revisin g to o quickl y compare d t o th e subjects .  I t  shoul d b e 
possibl e t o improv e di e performanc e o f  di e networ k mode l 
by additionall y assumin g tha t  th e learnin g rat e decrease s ove r 
th e cours e o f  th e experiment . 

Conclusion 

Thes e result s ar e consisten t  wid i  previou s result s o n 
probabilit y  revision ,  suc h a s th e classi c ums-and-ball s 
problem s reviewe d b y Edward s (1968) .  I n thos e studies , 
subject s wer e als o conservativ e compare d t o a  Bayesia n 
model ,  i n term s o f  sensitivit y t o observe d proportions .  Th e 
presen t  experimen t  differ s fro m thos e olde r  studie s i n dia t 
subjects '  prio r  belief s wer e derive d fro m real-worl d socia l 
knowledg e (e.g. ,  abou t  sh y people) .  I n relate d research , 
Elliot t  an d Anderso n (i n press )  examine d th e learnin g o f 
categorie s tha t  chang e ove r  th e cours e o f  a n experiment . 
Elliot t  an d Anderso n als o foun d tha t  a n exempla r  mode l 
give s a  bette r  accoun t  o f  belie f  revisio n tha n a  networ k 
model .  I n addition ,  the y foun d evidenc e fo r  forgettin g o f 
earlie r  observations ,  s o tha t  a n exempla r  mode l  wiU i 
assumption s o f  memor y deca y performe d eve n better .  (I n 

Tabl e 2 :  Summar y o f  sensitivit y an d bia s fo r  experimenta l  result s an d mode l  predictions . 

Categor y 
Siz e 

0 
4 
8 
12 
16 

Result s 

.0 1 

.3 2 

.4 3 

.4 5 

.5 1 

Sensitivit y (Slope ) 

Bayesia n 
Model 

.0 0 

.2 9 

.4 4 

.5 4 

.6 1 

Lin .  Op .  Integ . 
Model  Mode l 

.0 0 .0 0 

.2 3 .2 9 

.4 1 .4 0 

.5 5 .4 5 

.6 5 .4 9 

Networ k 
Model 

.0 0 

.2 3 

.3 8 

.4 6 

.5 0 

Result s 

.4 3 

.2 2 

.1 7 

.1 4 

.1 0 

Bayesia n 
Model 

.4 3 

.3 2 

.2 5 

.2 0 

.1 7 

Bia s 

Lin .  Op . 
Model 

.4 3 

.3 4 

.2 6 

.2 0 

.1 5 

Integ . 
Model 

.4 3 

.2 3 

.1 6 

.1 2 

.0 9 

Networ k 
Model 

.4 3 

.2 7 

.1 6 

.1 0 

.0 6 

180 



contrast ,  th e integratio n mode l  doe s no t  implemen t  memor y 
decay. )  Elliot t  an d Anderson' s wor k i s wel l  suite d t o 
investigat e forgettin g becaus e thei r  categorie s change d ove r 
th e cours e o f  learning ,  unlik e th e presen t  experimen t  i n 
whic h th e categorie s di d no t  change .  Ye t  thei r  procedur e 
may hav e encourage d subject s t o strategicall y ignor e earl y 
observations ,  becaus e usin g th e olde r  observation s woul d 
lea d t o incorrec t  predictions .  S o wha t  appear s t o b e 
forgettin g ma y als o reflec t  som e discountin g o f  ol d 
information . 

I n summary ,  th e presen t  result s sho w ho w people' s 
concept s initiall y  ar e influence d b y prio r  belief s an d ar e 
revise d graduall y a s ne w categor y member s ar e observed . 
Thi s proces s o f  belie f  revisio n ca n b e describe d i n term s o f 
th e integratio n mode l  (Heit ,  1993 ,  1994) .  Accordin g t o thi s 
model ,  whe n peopl e lear n abou t  a  ne w category ,  the y 
retriev e prio r  example s fro m relate d categorie s a s wel l  a s 
accumulat e example s tha t  the y actuall y observ e fo r  th e 
category .  A t  a  genera l  level ,  th e prediction s o f  th e 
integratio n mode l  ar e simila r  t o thos e o f  othe r  models ,  bu t 
at  a  mor e detaile d leve l  th e integratio n mode l  give s a  mor e 
successfu l  accoun t  o f  th e cours e o f  learnin g an d th e relatio n 
betwee n sensitivit y an d bia s du e t o prio r  knowledge .  (Se e 
Tabl e 2  fo r  a  summar y o f  th e result s an d th e models ' 
prediction s i n term s o f  sensitivit y an d bias. )  Th e detaile d 
model  comparison s sugges t  tw o additiona l  principle s tha t  ar e 
centra l  t o th e integratio n model' s abilit y  t o fit  thes e results : 
(1 )  allowin g som e degre e o f  memor y confusion s an d (2 ) 
persisten t  influenc e o f  previou s belief s suc h tha t  th e learnin g 
rat e decrease s a s mor e knowledg e accrues . 

The simpl e natur e o f  thi s experiment ,  i n whic h subject s 
predicte d categor y label s fro m informatio n abou t  singl e 
features ,  wa s usefu l  i n distinguishin g amon g thes e models . 
I n futur e research ,  i t  woul d b e interestin g t o compar e th e 
integratio n mode l  t o mor e comple x connectionis t  network s 
(e.g. ,  Choi ,  McDaniel ,  &  Busemeyer ,  1993 )  fo r 
categorizatio n experiment s i n whic h subject s ar e influence d 
by prio r  knowledg e bu t  lear n abou t  mor e comple x 
multidimensiona l  stimuli . 

Acknowledgments 

Thi s researc h wa s supporte d b y N I M H Gran t  1  F3 2 
MH1(X)6 9 an d NS F Gran t  91-10245 .  I  a m gratefu l  t o 
Dougla s Medi n an d Gordo n Bowe r  fo r  discussion s o f  thi s 
research .  Afte r  Augus t  1 ,  1995 ,  addres s correspondenc e t o 
Evan Heit ,  Departmen t  o f  Psychology ,  Universit y o f 
Warwick ,  Coventr y C V 4 7AL ,  Unite d Kingdom . 

Bush.  R .  R. ,  &  Mosteller .  F .  (1955) .  Stochasti c model s fo r 
learning .  Ne w York :  Wiley . 

Choi ,  S. ,  McDaniel ,  M .  A. ,  &  Busemeyer ,  J .  R .  (1993) . 
Incorporatin g prio r  biase s i n networ k model s o f 
conceptua l  rul e learning .  Memor y &  Cognition ,  21 ,  413 -
423. 

Edwards ,  W .  (1968) .  Conservatis m i n huma n informatio n 
processing .  I n B .  Kleinmunt z (Ed.) ,  Forma l  representatio n 
of  huma n judgmen t  (pp .  17-52) .  Ne w York :  Wiley . 

Elliott ,  S .  W. ,  &  Anderson ,  J .  R .  (i n press) .  Th e effec t  o f 
memory deca y o n prediction s fro m changin g categories . 
Journa l  o f  Experimenta l  Psychology :  Learning ,  Memory , 
and Cognition . 

Gluck ,  M .  A. ,  &  Bower ,  G .  H .  (1988) .  Fro m condiUonin g 
t o categor y learning :  A n adaptiv e networ k model .  Journa l 
of  Experimenta l  Psychology :  General ,  117 ,  227-247 . 

Heit ,  E .  (1993) .  Modelin g th e effect s o f  expectation s o n 
recognitio n memory .  Psychologica l  Science ,  4 ,  244-252 . 

Heit ,  E .  (1994) .  Model s o f  th e effect s o f  prio r  knowledg e o n 
categor y learning .  Journa l  o f  Experimenta l  Psychology : 
Learning ,  Memory ,  an d Cognition ,  20 ,  1264-1282 . 

Johnson ,  M .  K. ,  Hashtroudi ,  S. .  &  Lindsay ,  D .  S .  (1993) . 
Sourc e monitoring .  Psychologica l  Bulletin ,  114 ,  3-28 . 

Medin ,  D .  L. ,  &  Schaffer ,  M .  M .  (1978) .  Contex t  theor y o f 
classificatio n learning .  Psychologica l  Review ,  85 ,  207 -
238. 

Murphy ,  G .  L .  (1993) .  Theorie s an d concep t  formation .  I n I . 
V.  Mechelen ,  J .  Hampton ,  R .  Michalski ,  &  P .  Theun s 
(Eds.) ,  Categorie s an d concepts :  Theoretica l  view s an d 
inductiv e dat a analysi s (pp .  173-200) .  London :  Academi c 
Press . 

Murphy ,  G .  L. ,  &  Medin ,  D .  L .  (1985) .  Th e rol e o f  theorie s 
i n conceptua l  coherence .  Psychologica l  Review ,  92 ,  289 -
316. 

Raiffa ,  H. ,  &  Schlaifer ,  R .  (1961) .  Applie d statistica l 
decisio n theory .  Boston :  Harvar d University ,  Graduat e 
School  o f  Busines s Administration . 

Ratcliff ,  R .  (1990) .  Connectionis t  model s o f  recognitio n 
memory:  Constraint s impose d b y learnin g an d forgettin g 
funcUons .  Psychologica l  Review ,  97 ,  285-308 . 

Wallsten ,  T .  S. ,  &  Gonzalez-Vallejo ,  C .  (1994) .  Statemen t 
verification :  A  stochasti c mode l  o f  judgmen t  an d response . 
Psychologica l  Review ,  101 ,  490-504 . 

Reference s 

Bower ,  G. ,  &  Heit ,  E .  (1992) .  Choosin g betwee n uncertai n 
options :  A  repris e t o th e Este s scannin g model .  I n A .  F . 
Healy ,  S .  M .  Kosslyn ,  &  R .  M .  Shiffri n (Eds.) ,  Fro m 
learnin g theor y t o connectionis t  theory :  Essay s i n hono r 
of  Willia m K .  Este s (pp .  21-43) .  Hillsdale ,  NJ :  Erlbaum . 

Busemeyer ,  J .  R .  (1991) .  Intuitiv e statistica l  estimation .  I n 
N.  H .  Anderso n (Ed.) ,  Contribution s t o informatio n 
integratio n theory .  Volum e I :  Cognition ,  (pp .  187-215) . 
Hillsdale ,  NJ :  Erlbaum . 

181 


	Cogsci_1995_176-181



