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Stanfor d Univertit y 

To wha t  exten t  d o th e processe s o f  huma n learnin g emerg e fro m comple x 

configuration s an d elaboration s o f  th e "elementary "  learnin g processe s observe d i n 

animals ? Researc h i n th e tw o area s o f  huma n an d infra-huma n learnin g shar e a  lon g his -
tor y whic h focusse d o n elementar y associativ e learnin g (Ebbinghaus ,  1885 ;  Pavlov ,  1927) . 

About  twent y year s ago ,  however ,  anima l  an d huma n learnin g researc h becam e divorce d 

fro m eac h other .  Anima l  researc h continue d t o b e primaril y concerne d wit h elementar y 

associativ e processe s (Mackintosh ,  1983 ;  Mackintos h &  Honig ,  1969 ;  Rescori a &  Holland , 

1982) ;  whil e huma n learnin g (o r  "memory" )  tende d t o b e characterize d i n term s o f 

information-processin g an d rule-based ,  symbol-manipulation ,  a n approac h borrowe d fro m 

artificia l  intelligence .  Pe w curren t  theorie s o f  learnin g attemp t  t o bridg e th e ga p betwee n 

human an d infra-huma n learnin g (som e exception s includ e Allo y &  Tabachnick ,  1984 ; 

Bstes ,  1985 ;  Dickinso n &  Shanks ,  1985 ;  Medin ,  1984 ;  Holland ,  Holyoak ,  Nisbett ,  &  Tha -

gard ,  i n press) .  Recently ,  however ,  interes t  i n relatin g huma n cognitio n t o configuration s 

of  elementar y associativ e connection s ha s revived .  Amon g theorist s usin g parallel -

distribute d processin g models ,  th e work s o f  McClelland ,  Rumelhart ,  Hinton ,  Sejnowski , 

and Jame s Anderso n ar e notabl e fo r  demonstratin g th e computationa l  powe r  an d psycho -

logica l  verisimilitud e o f  thes e "connectionist "  network s (se e e.g. ,  Hinto n &  Anderson , 

1981 ;  McClellan d &  Rumelhart ,  1981 ;  Ackley ,  Hinton ,  &  Sejnowski ,  1985 ,  Rumelhar t  & 

McClelland ,  1986) . 

Given the voluminous studies of learning in animals alongside current attempts to 

model  cognitio n wit h elementar y associativ e processes ,  i t  woul d see m particularl y timel y 
t o searc h fo r  an d exploi t  an y correspondence s whic h migh t  exis t  betwee n anima l  an d 

human associativ e learning .  Thi s wa s ou r  goa l  i n thes e experiments . 

Informational Variables in Claatical Conditioning 

A simple but powerful theory describing animals' learning in classical Pavlovian 

conditionin g wa s presente d b y Rescori a an d Wagne r  i n th e earl y 1970' s (Rescori a & 

Wagner ,  1972 ;  Wagne r  &  Rescoria ,  1972) .  I n classica l  conditioning ,  a  previousl y neutra l 

stimiilus ,  th e conditione d stimulu t  (CS) ,  suc h a s a  bell ,  come s t o b e associate d wit h a  bio -

logicall y significan t  stimulus ,  th e unconditione d stimulu t  (US) ,  suc h a s foo d o r  a n electri c 

shock .  Earl y learnin g theorie s assume d tha t  th e simpl e tempora l  contiguit y o r  join t 

occurrenc e o f  a  C S an d U S wa s sufficien t  fo r  associativ e learnin g (e.g .  Hull ,  1943 ;  Spence , 

1956) .  Late r  experiment s mad e clear ,  however ,  tha t  simpl e contiguit y wa s no t  sufficient . 

The abilit y  o f  a  C S t o becom e conditione d t o a  U S depende d o n it s impartin g reliabl e an d 

non-redundan t  informatio n abou t  th e occurrenc e o f  th e U S (Kamin ,  1969 ;  Rescoria ,  1968 ; 

Wagner ,  1969) . 
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To illustrate ,  suppos e tha t  a  light ,  th e CS ,  ha s alread y bee n conditione d t o predic t 

a shock ,  th e US .  I f  a  compoun d stimulu s consistin g o f  a  ligh t  an d a  ton e i s the n paire d 

wit h th e shock ,  learnin g o f  th e tone-*thoe k associatio n hardl y occur s a t  al l  compare d t o 

contro l  subject s wh o receive d n o pretrainin g t o th e ligh t  (Kamin ,  1969) .  Thi s result ,  simi -

la r  t o Pavloy' s wor k o n th e overshadowin g o f  on e cu e b y another ,  i s calle d "blocking " 

becaus e prio r  trainin g o f  th e light-*$koc k associatio n block s late r  learnin g o f  th e 

tone-*$hoc k associatio n durin g th e second ,  (ligk t  +  tone}-*$koc k stag e o f  training . 

Tke Rescorla-Wagner Model 

The blocking effect suggested that the effectiveness of a US for producing associa-

tiv e learnin g depend s o n th e relationshi p betwee n th e C S an d th e expecte d outcom e 
(Rescorla ,  1068 ;  Wagner ,  1969 ;  Kamin ,  1969) .  Rescorl a an d Wagne r  provide d a  precis e 

formulatio n o f  thi s proposa l  (Rescorl a &  Wagner ,  1972 ;  Wagne r  &  Rescorla ,  1972) .  Thei r 

formulatio n assume s tha t  th e associatio n whic h accrue s betwee n a  stimulu s an d it s out -
come o n a  tria l  i s proportiona l  t o th e degre e t o whic h th e outcom e i s unexpecte d (o r 

unpredicted )  give n al l  th e stimulu s element s tha t  ar e presen t  o n tha t  trial .  W e le t  V, -

denot e th e strengt h o f  associatio n betwee n stimulu s elemen t  CS ^  an d th e US .  I f  CS ;  i s fol -

lowe d b y a  reinforcin g unconditione d stimulus ,  US ,  the n th e chang e i n th e associatio n 

strengt h betwee n CS j  an d th e US ,  AK,- ,  ca n b e describe d b y Equatio n (1) : 

us 

wher e o ,  reflect s th e intensit y o r  salienc e o f  CS^ ,  P^  reflect s th e rat e o f  learnin g o n trial s 

wit h U S presentations ,  X j  i s th e maximu m possibl e leve l  o f  associatio n strengt h condition -

abl e wit h tha t  U S intensity ,  an d J ]  V ^  i s th e su m o f  th e associativ e strength s betwee n al l 
kt S 

th e C S stimulu s element s occurin g o n tha t  tria l  an d th e US .  I f  CS ,  i s  presente d o n a  tria l 

withou t  th e US ,  the n th e associatio n betwee n CSi  an d th e U S decrease s analogously ,  viz. , 

A V.  =  a^2(X2-i;n) _ (2 ) 
kt S 

wher e X 2 i s th e leve l  o f  associativ e strengt h supporte d b y non-presentatio n o f  th e U S (usu -

all y take n t o b e zero) ,  an d ̂ 2 reflect s th e rat e o f  chang e o f  th e associatio n du e t o nonrein -

forcement .  Generall y  ̂ j  i s  assume d t o b e large r  tha n p2 > ̂^ ^  ̂ î ^  >3 °° ^  critica l  fo r  mos t 

prediction s (se e Rescorl a &  Wagner ,  1972) . 

The Rescorla-Wagner model is the most widely accepted description of associative 
change s durin g classica l  conditioning .  Th e wealt h o f  confirme d implication s arisin g fro m 
thi s deceptivel y simpl e mode l  ha s bee n substantial .  Thi s mode l  account s fo r  th e blockin g 

effec t  a s follows :  Whe n i n Phas e 1 ,  CS ^  ha s bee n initiall y  conditione d t o th e US ,  V ^ 

approache s Xj .  I f  th e associativ e strengt h o f  th e nove l  stimulus ,  V 2 i s assume d t o b e zero , 
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the n th e compoun d atimulu t  ttrength ,  ̂ i  +  V j  * » Xj .  B y Equatio n 1 ,  th e incrementa l 

learnin g accruin g t o th e nove l  stimulus ,  A V j ,  whe n th e compoun d i s paire d wit h th e U S i s 

thu s predicte d t o b e iero~a s observed . 

Learning in Atsociative Networks 

A learning rule used in many of the "connectionist" network models of cognition is 

th e delt a rule ,  a  varian t  o f  th e perceptro n convergenc e procedur e (Rosenblatt ,  1961 )  first 

propose d a s a  learnin g mechanis m fo r  adaptiv e network s b y Widro w an d Hof f  (1960) . 

Such network s connec t  a  se t  o f  inpu t  node s t o som e outpu t  node s wit h "connectio n 

weights "  Wj j  fro m nod e i  t o nod e ; .  Give n a  trainin g tria l  relatin g a n inpu t  vecto r  t o a n 

outpu t  vector ,  th e weight s ar e change d accordin g t o (3) : 

n 
AWij  =  0{Z j  -  S  W4y0t)0j , 

4=1 

wher e i  i s  a n inpu t  node ,  /  i s  a n outpu t  node ,  a ,  i s  th e activatio n o n inpu t  nod e t ,  th e 

sunimatio n i s ove r  al l  th e inpu t  node s t o nod e / ,  an d Zy i s a  specia l  "teaching "  inpu t  signa l 

t o putpu t  nod e j  indicatin g wha t  th e activatio n o f  tha t  nod e shoul d b e t o ge t  th e correc t 

response .  Th e delt a rul e provide s a n iterativ e solutio n t o a  se t  a  linea r  equation s whic h 

wil l  converg e o n discriminatin g weight s i f  the y exist .  Otherwise ,  th e algorith m wil l  con -

verg e o n weight s whic h minimiz e th e "least-squares "  erro r  betwee n th e resultin g an d 
desire d outpu t  pattern s (Kohonen ,  1977) . 

Recently, Rumelhart, Hinton, and Williams (1986) have generalized the delta rule 

so i t  ma y b e applie d t o perfor m learnin g i n a  multi-layere d ne t  o f  feed-forwar d element s 

wit h som e "hidden "  unit s betwee n th e inpu t  an d outpu t  layers .  The y sho w ho w th e delt a 

rule ,  combine d wit h back-propagatio n o f  weigh t  adjustments ,  ca n lear n man y difficul t 

discrimination s suc h a s parity ,  exclusive-or ,  an d symmetr y relationships . 

As Sutton and Barto (1981) noted, the delta rule is essentially identical to the 

Rescorla-Wagne r  equation s (wit h $ i  =  $2) -  f̂>' °  Equatio n 3 ,  w e le t  V ,  =  iTy ,  se t  th e 

trainin g signa l  i n th e delt a rule ,  Zy ,  equa l  t o X ^  whe n th e U S i s presen t  an d t o zer o other -

wise ,  an d le t  a-= l  whe n CS ^  i s presen t  an d 0  otherwise ,  the n th e delt a rul e reduce s t o 

Equation s 1  an d 2  o f  th e Rescorla-Wagne r  model .  Curiously ,  associativ e networ k theorist s 

hav e adopte d th e delt a rul e becaus e o f  it s  computationa l  power ,  convergenc e properties , 
and generalizabilit y  t o multi-layere d networks .  Nonetheless ,  associativ e network s whic h 

implemen t  th e delt a rul e ca n b e viewe d a s a  framewor k fo r  modelin g th e emergen t  proper -

tie s o f  comple x configuration s o f  elementar y associativ e processe s observe d i n animals . 

However ,  fe w studie s hav e aske d whethe r  th e delt a rul e i s a n appropriat e characterizatio n 

of  th e algorith m underlyin g huma n associativ e learning . 

Some earlier investigators have noted the need for bridging experiments. Rudy 

(1974 )  note d a  paralle l  betwee n huma n paired-associat e learnin g an d anima l  associativ e 

learnin g an d pointe d t o a  for m o f  blockin g i n huma n learning .  Specifically ,  whe n 
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redundantl y relevan t  cue s ar e compounde d wit h stimul i  tha t  ar e alread y sufficien t  t o cu e 

th e associate d response ,  th e adde d cue s ar e unlikel y t o becom e associate d wit h th e 

respons e (Trabass o &  Bower ,  1908) .  Dickinso n an d Shank s (1985 )  demonstrate d som e 

conditionin g phenomen a i n huma n learning :  The y showe d tha t  huma n judgment s o f  even t 

correlatio n wer e influence d b y th e conditiona l  statu s o f  othe r  event s tha t  ar e present ,  i n a 

manner  reminiscen t  o f  blockin g o r  overshadowin g phenomen a i n anima l  conditioning . 

Schan k (1982 )  ha s recentl y postulate d a  simila r  "expectatio n failure "  a s th e drivin g forc e 

behin d learning ;  E P A M use d a  simila r  rul e lon g ag o (Feigenbaum ,  1959 ;  Feigenbau m & 

Simon ,  1961) . 

Experiment 1 

Because category learning is a currently active area in cognitive research, we 
decide d t o tes t  ou t  th e delt a rul e a s i t  applie d t o subjects '  learnin g t o classif y stimulu s 

pattern s int o categories .  I n ou r  experiment ,  universit y student s serve d a s hypothetica l 

medica l  diagnosticians .  The y sa w a  serie s o f  25 0 "patients, "  eac h describe d b y th e pres -

ence o r  absenc e o f  eac h o f  fou r  symptoms .  Th e studen t  diagnosticia n classiBe d eac h 

patien t  a s havin g on e o r  th e othe r  o f  tw o fictitious  diseases ,  receive d feedbac k abou t  tha t 

patient' s correc t  diagnosis .  Ove r  training ,  subject s learne d whic h symptom s ar e mor e o r 
les s diagnosti c o f  whic h diseases . 

Figure 1 illustrates a simple associative network to represent this category learn-

ing .  Eac h o f  th e fou r  symptom s i s represente d b y a n inpu t  nod e a t  th e left ,  an d th e tw o 

diseas e categorie s b y node s a t  th e right .  Th e connection s fro m sympto m i  t o categor y j 
has weight ,  tp,y ,  reflectin g th e strengt h o f  evidenc e tha t  presenc e o f  sympto m •  provide s 

toward s diseas e / .  Th e tr, y wil l  b e adjuste d tria l  b y tria l  accordin g t o th e delt a rule . 

The pattern of features presented on a trial causes a pattern of activation of the 

features .  I f  th e presenc e o r  absenc e o f  eac h featur e i s represente d b y activation s o f  1  an d 

0,  respectively ,  th e activatio n a t  a  give n categor y nod e wil l  equa l  th e su m o f  th e weight s 
fro m presente d feature s t o tha t  categor y node .  Thi s reflect s th e model' s expectatio n fo r 

tha t  categor y give n th e sympto m pattern .  Onc e activatio n value s ar e compute d fo r  th e 

categor y nodes ,  th e nex t  ste p i s fo r  th e mode l  t o selec t  a  response .  Severa l  measure s o f 

associativ e strengt h ar e possible .  On e w e hav e use d i s t o as k subject s t o judg e directl y th e 

probabilit y  tha t  a  give n patien t  ha s on e diseas e o r  th e other .  W e wil l  suppos e tha t  th e 

greate r  th e differenc e i n ne t  strengt h o f  evidenc e fo r  categor y 1  vs .  2 ,  th e highe r  wil l  b e 

subject' s estimat e tha t  th e patien t  ha s diseas e 1  rathe r  tha n diseas e 2 .  A  secon d measur e 
ask s subject s t o choos e diseas e 1  o r  2  fo r  a  particula r  patient .  Fo r  thi s case ,  w e us e th e 
rati o respons e rul e o f  Luc e (1963 )  whic h say s tha t  th e probabilit y  o f  choosin g Categor y 1 

i s th e rati o — ——.  Qualitativ e aspect s o f  th e prediction s d o no t  depen d o n th e 

details of the response rule. 

The "training signal" provided to each category node (Figure 1) is the 

experimenter' s feedbac k (afte r  th e subject' s response )  regardin g th e correc t  response .  W e 
assume tha t  i f  categor y ;  i s th e correc t  classification ,  the n Z j  wil l  b e se t  equa l  t o on e o n 

tha t  trial ;  i f  a n alternativ e categor y i s correc t  o n a  give n trial ,  the n Z j  wil l  b e 0  fo r  tha t 
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S y m p t o m 1 

S y m p t o m 2 

S y m p t o m 3 

S y m p t o m 4 

C a t e g o r y 1 

C a t e g o r y 2 

Figur e 1 .  A  simpl e "connectionist "  networ k whic h learn s t o diagnos e pattern s 

of  u p t o fou r  symptom s a s havin g on e o f  tw o disease s usin g th e Rescorla-Wagner/delt a 

rule . 
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trial .  W e assum e a  singl e learnin g rat e parameter ,  fi,  fo r  adjustin g th e weights .  However , 

i f  a  fixed  se t  o f  trainin g pattern s i s presente d m a n y time s i n rando m orde r  t o th e learnin g 

model ,  th e convergenc e propertie s o f  th e delt a rul e lea d t o paramete r  fre e prediction s 

abou t  th e expecte d asymptoti c level s o f  th e ir,y's ,  feature-to-categor y association s (Rescorl a 

& Wagner ,  1972 ;  Stone ,  1986) . 

We will compare the predictions of the delta rule in our category learning task 

^it h th e prediction s o f  thre e competin g model s o f  categor y learnin g (Estes ,  1986) :  1 ) 

exempla r  model s whic h presum e tha t  th e learne r  store s al l  th e exemplar s o f  eac h category , 

and the n classifie s a  ne w instanc e accordin g t o it s similarit y t o th e store d exemplar s o f 

eac h categor y (e.g .  Medi n &  Schaffer ,  1978 ;  Nosofsky ,  1984) ,  2 )  feature-frequenc y whic h 

presum e tha t  th e learne r  store s relativ e frequencie s o f  occurrenc e o f  cue s withi n th e 

categories ,  an d the n classifie s a n instanc e accordin g t o th e relativ e likelihoo d o f  it s  partic -

ula r  patter n o f  feature s arisin g fro m eac h o f  th e categorie s (Reed ,  1972 ;  Frank s &  Brans -

ford ,  1971) ,  an d 3 )  prototyp e model s whic h presum e th e learne r  abstract s th e centra l  ten -

denc y (moda l  description )  o f  eac h categor y an d the n classifie s instance s accordin g t o thei r 

similarit y t o thi s centra l  prototyp e (Frie d & .  Holyoak ,  1984) . 

Applying models to our task where subjects estimate the probability of each 

categor y give n eac h feature ,  th e model s m a k e on e o f  tw o predictions .  Exempla r  model s 

and feature-frequenc y model s predic t  tha t  subjects '  estimate s wil l  simpl y reflec t  th e 

observe d conditiona l  feature-to-categor y probabilitie s o f  th e trainin g sequence ,  a  for m o f 

"probabilit y  matching. "  O n th e othe r  hand ,  prototyp e model s an d feature-frequenc y 

model s whic h ignor e variation s i n categor y base-rat e frequencie s woul d predic t  tha t  sub -

jects '  estimate s o f  th e probabilit y  o f  th e categor y give n th e featur e wil l  reflec t  simpl y th e 

relativ e likelihoo d o f  th e featur e give n th e alternat e categories ,  viz. , 

p{Ac,HnAc2) • 

In our experiment, we arranged to have the ordinal relationships among the condi-

tiona l  probabilitie s fo r  differen t  cue s diffe r  fro m th e ordina l  relationship s amon g th e 

expecte d asymptoti c associatio n strength s predicte d b y th e Rescorla-Wagner/delt a rule . 

Thi s wa s achieve d b y unbalancin g th e relativ e frequenc y o f  th e tw o diseases ,  makin g th e 

c o m m on diseas e fa r  mor e likel y tha n th e rar e disease .  Th e questio n wa s whethe r  people' s 

probabilit y  estimate s woul d b e mor e closel y predicte d b y th e Rescorla-Wagner/delt a rul e 

tha n b y th e alternativ e models . 

Procedure 

Nineteen subjects were trained to classify medical charts of hypothetical patients 

int o on e o f  tw o mutuall y exclusiv e diseas e categories .  Diseas e name s wer e fictitious  bu t  w e 

wil l  refe r  t o the m a s th e rar e (R )  diseas e an d th e c o m m o n (C )  disease .  A m o n g th e train -

in g exemplars ,  patient s wit h th e c o m m o n diseas e wer e thre e time s a s frequen t  a s patient s 

wit h th e rar e disease .  A  patien t  char t  consiste d o f  on e t o fou r  symptom s draw n fro m a 

set  o f  fou r  possibl e symptoms :  blood y nose ,  stomac h cramps ,  pufiF y eyes ,  an d discolore d 

gums.  I n th e trainin g phas e subject s wer e show n a  se t  o f  symptom s correspondin g t o a 

patient ,  aske d t o m a k e a  diagnosis ,  an d the n give n feedbac k a s t o th e correc t  diagnosis . 

Figur e 2 a show s th e probabilit y  o f  eac h o f  th e fou r  symptom s occurrin g i n patient s 
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Figur e 2 .  Experimen t  1  design :  (a )  Th e probabilitie s o f  eac h o f  th e fou r  symp * 

tom s occurrin g i n patient s sufferin g fro m eac h o f  th e tw o diseases .  Th e lowe r  numbere d 

symptom s wer e mor e typica l  fo r  th e rar e diseas e whil e th e highe r  numbere d symptom s 
wer e mor e typica l  o f  th e commo n disease ,  (b )  Th e conditiona l  probabilitie s o f  eac h o f  th e 

tw o disease s give n th e presenc e o f  eac h o f  th e symptom s compute d fro m (a )  usin g Baye s 

Theorem . 
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sufferin g fro m eac h o f  th e tw o diseases .  Th e lowe r  numbere d sjrmptom s wer e mor e typica l 

fo r  th e rar e diseas e whil e th e highe r  numbere d symptom s wer e mor e typica l  o f  th e com -

mon disease .  Al l  symptoms ,  however ,  occurre d i n som e patient s wit h bot h diseases . 

Symptoms 1 ,  2 ,  3 ,  an d 4  wer e assigne d actua l  sympto m name s randoml y fo r  eac h subject . 

Each subjec t  receive d a  nove l  se t  o f  trainin g patient s whic h wer e generate d durin g th e 

experimen t  accordin g t o a  probabilisti c  procedure .  First ,  eac h patien t  wa s randoml y 

designate d a s sufferin g fro m eithe r  th e rar e diseas e (wit h probabilit y .25 )  o r  th e commo n 

diseas e (wit h probabilit y  .75) .  Second ,  give n hi s disease ,  a  patient' s sympto m char t  wa s 

generate d b y choosin g symptom s accordin g t o th e independen t  probabilitie s show n i n Fig -

ur e 2a .  Thus ,  i f  th e patien t  suffere d fro m th e rar e disease ,  the n wit h probabilit y  .6 ,  th e 

char t  woul d includ e sympto m 1 ;  wit h probabilit y  .4 ,  sympto m 2 ;  wit h probabilit y  .3 , 

sympto m 3 ;  an d wit h probabilit y  .2 ,  sympto m 4  (an d analogously ,  bu t  inversely ,  fo r 

patient s sufferin g fro m th e common disease) .  Fro m on e t o fou r  symptom s wer e presente d 

OP a  singl e char t  (patient s wit h n o symptom s wer e eliminate d fro m th e trainin g sequence) . 
For  th e subjects ,  th e disease s wer e identifie d b y fictitious  name s whic h wer e counterbal -

ance d acros s subject s i n bein g assigne d t o th e rar e o r  commo n disease .  Subject s wer e 

instructe d tha t  ther e wa s n o simpl e rul e fo r  makin g th e diagnosi s an d tha t  th e orde r  o f 

presentatio n o f  th e symptom s withi n a  patient' s char t  wa s irrelevant . 

Using the base rates of P{R) = .25 and P{C) = .75 and the probabilities in Figure 

2a,  Baye s Theore m provide s th e conditiona l  probabilit y  o f  th e tw o disease s give n th e fou r 
symptom s considere d seperatel y (se e Figur e 2b) .  Fo r  an y singl e sympto m th e normativ e 
probabilit y  o f  th e rar e disezis e wa s alway s les s tha n o r  equa l  t o th e probabilit y  o f  th e mor e 
common disease . 

Following 250 training trials of predicting diseases and receiving feedback, subjects 

wer e finally  aske d t o estimat e directl y th e probabilit y  tha t  a  patien t  exhibitin g a  particu -

la r  sympto m wa s sufferin g fro m on e o r  th e othe r  disease .  The y gav e a  numerica l  esti -

mate s o f  P{R\», )  an d PiC\», )  o n a  0  t o 10 0 scal e fo r  eac h o f  th e fou r  symptoms .  Thes e 

estimate s ar e th e dat a o f  primar y interes t  i n thi s report . 

Retultt and Predictiom 

Because the conditional probabilities of the two diseases sum to 1 for any particu-
la r  symptom ,  w e wil l  combin e thes e conditiona l  probabilitie s int o a  singl e probabilit y 

differenc e measure ,  PiR\»i )  -  /̂ Cl«,) ,  fo r  eac h o f  th e fou r  symptoms .  Thi s measure ,  show n 

i n Figur e 3 ,  reflect s bot h th e actua l  (normative )  probabilitie s i n th e trainin g pattern s a s 
wel l  th e probabilit y  matchin g behavio r  predicte d b y exemplar-storag e an d feature -
frequenc y models .  But ,  th e Rescorla-Wagner/delt a rul e predict s tha t  followin g training , 

subjects '  estimate s o f  th e probabilit y  difference s wil l  follo w a  differen t  pattern ,  reflectin g 
th e underlyin g strength s o f  th e feature-to-categor y associativ e connections .  Thes e asymp -

toti c connectio n weight s ca n b e calculate d b y derivin g equation s fo r  th e expecte d trial-by -

tria l  weigh t  chang e i n eac h o f  th e feature-to-categor y connections ,  settin g thes e expecte d 
change s t o zero ,  an d solvin g th e resultin g fou r  simultaneou s equation s i n fou r  variable s fo r 
each o f  th e tw o categories .  Th e resultin g asymptoti c associatio n strength s t o th e rar e 

diseas e ar e .45 ,  .18 ,  .06 ,  an d -.0 9 fo r  symptom s 1  throug h 4 ,  respectively ,  an d fo r  th e asso -
ciation s t o th e common disease ,  .02 ,  .22 ,  .37 ,  an d .68 .  Th e difference s betwee n thes e 
asymptoti c strength s ar e plotte d i n Figur e 3b ;  thi s i s  th e theoretica l  inde x t o b e compare d 
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Figur e 3 .  Result s an d prediction s fo r  Experimen t  1 .  (a )  Normativ e probabilit y 

difference s fo r  eac h symptom .  Thes e correspon d t o th e prediction s o f  exempla r  an d 

feature-frequenc y learnin g models ,  (b )  Prediction s o f  th e Rescorla-Wagner/delt a rul e base d 

on asympoti c level s o f  associations ,  (c )  Subject' s estimate s o f  th e probabilit y  differences . 
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t o th e observe d probabilit y  differenc e measures . 

The most striking difference between the normative probability measures in Figure 

3a an d th e predicte d associativ e weight s i n Figur e 3 b i s eviden t  i n sympto m 1 ,  »i :  Thi s 

sympto m wa s paire d equall y ofte n wit h th e rar e disease ,  R ,  a s wit h th e c o m m o n disease , 

C,  an d henc e th e differenc e betwee n th e conditiona l  probabilitie s o f  R  versu s C  t o thi s cu e 

i s tero .  However ,  th e delta-rul e predict s tha t  th e th e «|-»/ ? associatio n wil l  b e consider -

abl y stronge r  tha n th e $i-* C association . 

This prediction of the delta rule is understandable when one appreciates the eorti' 

petitiv e natur e o f  th e learnin g algorithm .  T h e overal l  magnitud e o f  th e $ymptom—^diseas e 

weigh t  reflect s th e degre e t o whic h a  sympto m ha s bee n a n informativ e an d reliabl e pred -

icto r  o f  a  disease ,  relativ e t o th e predictiv e valu e o f  othe r  co-presen t  symptom s fo r  tha t 

same disease .  Althoug h sympto m 1  ha s th e sam e predictiv e valu e fo r  th e tw o diseases , 

relativ e t o th e predictiv e valu e o f  th e othe r  symptom s fo r  th e c o m m o n disease ,  i t  i s  no t  a 

ver y informativ e predictor .  However ,  fo r  th e rar e diseas e sympto m 1  i s a  relativel y bette r 

predicto r  tha n th e othe r  symptoms .  I t  i s  thi s relativ e validit y o f  a  sympto m fo r  th e tw o 

categorie s tha t  determine s it s relativ e degree s o f  associatio n t o them . 

Having described the model's predictions, we turn now to the data. Comparing 

th e actua l  wit h th e estimate d conditiona l  probabilitie s indicate d tha t  whil e subject s 

correctl y learne d th e relativ e strength s o f  th e conditiona l  probabilitie s withi n a  particula r 

diteat e category ,  the y considerabl y overestimate d th e conditiona l  probabilit y  o f  th e rar e 

diseas e give n eac h o f  th e symptoms .  Subjects '  estimate s o f  th e probabilit y  o f  diseas e R 

versu s C  wer e converte d int o difference s an d graphe d i n Figur e 3c .  Ou r  precedin g analyse s 

suggeste d tha t  th e dat a fo r  sympto m 1  ar e woul d b e mos t  critica l  fo r  distinguishin g 

betwee n th e models .  A s predicte d b y th e delt a rule ,  th e dat a indicat e tha t  subject s 

believe d tha t  patient s wit h sympto m 1  wer e significantl y mor e likel y t o b e sufferin g fro m 

th e rar e diseas e tha n fro m th e c o m m o n diseas e ( p <  .01 ,  1  tailed ,  t=2.76 ,  df«sl8) .  Thi s 

simpl e resul t  disconfirm s th e alternativ e models .  B y th e sam e token ,  th e delt a rul e expect s 

th e probabilit y  differenc e fo r  symptom s 2 ,  3 ,  an d 4  t o b e m u c h les s tha n predicte d b y th e 

probabilit y  matchin g theories ,  an d thi s dat a patter n wa s als o observed . 

It would appear that our learners fell prey to a common form of '' base rate 

neglect "  i n makin g predictiv e judgments :  The y erroneousl y judge d tha t  th e presenc e o f  a 

symptom ,  *i ,  highl y representativ e o f  th e rar e diseas e wa s stron g evidenc e fo r  diagnosin g 

th e rar e a s oppose d t o th e c o m m o n disease .  Thi s result ,  predicte d b y th e delt a rule ,  i s 

consisten t  wit h m a n y result s i n researc h o n judgment :  Peopl e consistentl y overestimat e 

th e degre e t o whic h evidenc e tha t  i s representativ e o r  typica l  o f  a  rar e even t  i s actuall y 

predictiv e o f  i t  (Tversk y &  Kahneman ,  1972) .  W h e n answerin g question s suc h as :  " W h a t 

i s th e probabilit y  tha t  objec t  A  belong s t o clas s B" ,  peopl e ofte n resor t  t o a  repreaenta -

tivenei $ heuristi c i n whic h thei r  judgmen t  reflect s th e degre e t o whic h A  resemble s a  pro -

totyp e o f  B  (Tversk y &  Kahneman ,  1082b) .  Fo r  example ,  i n estimatin g th e probabilit y 

tha t  a  particula r  studen t  i s a n Englis h majo r  i n a  classroo m know n t o consis t  o f  8 0 % 

compute r  scienc e majors ,  peopl e bas e thei r  prediction s largel y o n th e degre e t o whic h th e 

personalit y characteristic s o f  th e studen t  ar e representativ e o f  thei r  stereotype s o f  com -

pute r  wizards ,  thu s neglectin g th e influenc e tha t  bas e rat e shoul d have .  (Kahnema n & 

Tversky ,  1972) .  Mos t  studie s demonstratin g neglec t  o f  bas e rat e i n classificatio n 
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judgment s hav e use d natura l  categorie s wit h familia r  prototype s (e.g .  feminist s o r 

engineers) ;  bas e rat e informatio n i s generall y presente d t o subject s a s additiona l  numerica l 

informatio n (Tversk y &  Kahneman ,  1082a) .  Our s i s on e o f  th e first  studie s t o demon -

strat e bas e rat e neglec t  i n a  categor y learnin g experimen t  i n whic h informatio n abou t 

categorie s an d bas e rate s wa s induce d b y subject s fro m examples . 

One might try explaining our results by supposing that subjects ignore base rates 

of  th e tw o categorie s i n makin g thei r  judgments .  Earlie r  w e indicate d ho w a  prototyp e 

model  o r  a  feature-frequenc y mode l  coul d b e interprete d a s insensitiv e t o bas e rate s o f  th e 

tw o categories .  Bu t  thi s explanatio n fail s becaus e i f  subject s ha d bee n ignorin g bas e rates , 

the n the y shoul d hav e judge d symptom s 1  an d 2  t o b e a s diagnosti c o f  th e rar e diseas e a s 

symptom s 3  an d 4  wer e fo r  th e commo n disease ,  respectivel y (se e Figur e 2a) .  Bu t  a s Fig -

ur e 3 c shows ,  thi s patter n wa s no t  obtained .  Onl y sympto m 1  wa s judge d t o b e a 

significantl y stronge r  predicto r  o f  th e rar e diseas e tha n th e commo n disease .  Thoug h sub -

jects *  probabilit y  estimate s reflecte d les s attentio n t o bas e rate s tha n normativel y 

required ,  th e estimate s sho w sensitivit y t o th e diflferin g bas e rates .  Thes e result s ar e con -

sisten t  wit h curren t  decisio n makin g studie s whic h sugges t  tha t  i n mos t  situation s base -

rat e informatio n i s no t  ignored ,  onl y underutilize d (Borgid a &  Brekke ,  1981 ;  Kassin , 

1979) .  Alternativ e categor y learnin g models ,  whic h predic t  eithe r  tota l  neglec t  o f  bas e 

rate s o r  ful l  us e o f  bas e rat e information ,  d o no t  provid e a  satisfactor y accoun t  fo r  thes e 

data .  Th e Rescorla-Wagner/delt a rule ,  however ,  correctl y predict s tha t  i n ou r  situatio n 

onl y sympto m 1  wil l  b e perceive d a s stronge r  evidenc e fo r  th e rar e versu s th e commo n 

disease ;  th e othe r  symptom s ar e predicte d t o b e stronge r  evidenc e fo r  th e commo n disease . 

Di»cu$»ion 

We believe that our results provide discriminating evidence in favor of the 

Rescorla-Wagner/delt a rul e a s applie d t o a  simpl e cue-to-categor y learnin g tas k fo r  huma n 
adults .  Th e uniqu e natur e o f  th e prediction s depend s o n th e competitiv e natur e o f  th e 

learnin g algorithm .  A  cu e tha t  i s paire d wit h categor y 1  wil l  acquir e relativel y littl e asso -

ciativ e strengt h toward s tha t  categor y i f  th e cu e occur s i n th e compan y o f  other s tha t 

alread y strongl y predic t  tha t  category .  A s indicated ,  thi s echoe s th e man y result s i n 

anima l  conditionin g o n overshadowing ,  blocking ,  an d CS-U S correlation s (se e Prokasy , 

1965 ;  Rescorla ,  1968) .  W e ar e currentl y conductin g furthe r  test s o f  implication s o f  th e 
delt a rul e i n th e symptom-diseas e learnin g paradigm ,  an d thos e test s provid e eve n furthe r 

confirmatio n o f  th e rule .  W e ar e encourage d tha t  th e delt a rul e o f  connectionis t  theorie s 

not  onl y link s u p t o th e Rescorla-Wagne r  mode l  o f  conditioning ,  bu t  tha t  the y als o impl y 

th e phenomeno n o f  base-rat e neglec t  whic h ha s prove n t o b e a  robus t  effec t  i n th e litera -

tur e o f  judgmen t  an d decision .  Suc h theoretica l  connection s acros s disparat e researc h 

area s ar e especiall y encouragin g t o th e goal s o f  cognitiv e science . 
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