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A B S T R A CT 

A number of researchers have recently claimed that higher-order human learning, such as 
categorizatio n an d causa l  induction ,  ca n b e explaine d b y th e sam e principle s a s gover n lower -
orde r  learning ,  suc h a s classica l  conditionin g i n animals .  A n alternativ e vie w i s  tha t  peopl e 
ofte n impos e abstrac t  causa l  model s o n observations ,  rathe r  tha n simpl y associatin g input s wit h 
outputs .  W e repor t  thre e experiment s usin g a  multiple-cu e learnin g paradig m i n whic h model s 
base d o n associativ e learnin g versu s abstrac t  causa l  model s mak e opposin g predictions .  W e 
sho w tha t  differen t  causa l  model s ca n yiel d radicall y differen t  learnin g fro m identica l 
observations .  I n particular ,  w e compare d people' s abilitie s t o lear n whe n th e positiv e case s 
wer e define d b y a  linea r  cue-combinatio n rul e versu s a  rul e involvin g a  within-categor y 
correlatio n betwee n cues .  Th e linea r  structur e wa s mor e readil y learne d whe n th e cue s wer e 
interprete d a s possibl e cause s o f  a n effec t  t o b e predicted ,  wherea s th e correlate d structur e wa s 
mor e readil y learne d whe n th e cue s wer e interprete d a s th e effect s o f  a  caus e t o b e diagnosed . 
The result s disconfir m al l  associativ e model s o f  causa l  inductio n i n whic h input s ar e associate d 
wit h output s withou t  regar d fo r  causa l  directionality . 

Introduction 

The Associative View of Multiple-Cue Learning 

Tasks as different as classification learning, causal induction, and classical conditioning can be 
viewe d a s example s o f  multiple-cu e learning .  I n eac h o f  thes e tasks ,  a  numbe r  o f  cues ,  whic h migh t  b e 
features ,  causes ,  o r  conditiona l  stimuli ,  ar e combine d t o trigge r  a  response .  Thi s respons e migh t  b e a 
classificatio n decision ,  a  predictio n o f  a n effect ,  o r  a  conditione d response .  Becaus e o f  th e apparen t 
similarit y betwee n differen t  type s o f  multiple-cu e learnin g situations ,  i t  i s  templin g t o postulat e 
c o m m on underlyin g learnin g mechanism s fo r  them .  A  currentl y popula r  vie w o f  multiple-cu e learnin g 
treat s i t  a s a  bottom-u p proces s tha t  i s fundamentall y associativ e i n nature .  Thu s higher-orde r  type s o f 
learnin g i n humans ,  suc h a s classificatio n learning ,  an d lower-orde r  type s o f  learnin g i n animals ,  suc h 
as classica l  conditioning ,  ar e see n a s example s o f  simila r  learnin g processes . 

A numbe r  o f  researcher s hav e recentl y claime d tha t  higher-orde r  type s o f  huma n learning ,  suc h a s 
categorizatio n an d causa l  induction ,  ca n b e explaine d b y principle s tha t  gover n lower-orde r  learnin g i n 
animals ,  suc h a s classica l  conditionin g (e.g. ,  Gluc k &  Bower ,  1988a ,  b ;  Shank s &  Dickinson ,  1987) . 
I n particular ,  Gluc k an d Bowe r  (1988a ,  b )  hav e suggeste d tha t  adaptiv e associativ e network s ca n provid e 
powerfu l  model s o f  h u m a n categorizatio n a s wel l  a s o f  classica l  conditioning .  Thes e connectionis t 
model s consis t  o f  a n inpu t  laye r  tha t  represent s potentia l  cues ,  suc h a s symptom s o f  possibl e disease s 
observe d i n a  patient ,  an d a n outpu t  laye r  tha t  migh t  represen t  classificatio n responses ,  suc h a s 
diagnose s o f  alternativ e diseases .  Th e response s ar e compute d b y a  linea r  functio n o f  th e weighte d 
cues .  T h e weight s ar e learne d i n a  competitiv e fashio n usin g th e leas t  mea n square s ( L M S )  learnin g 
rul e (Widro w &  Hoff ,  1960) ,  i n whic h th e weight s ar e incrementall y update d i n proportio n t o th e 
respons e erro r  the y produce .  Gluc k an d Bowe r  hav e show n tha t  a  simpl e mode l  o f  thi s sor t  compare s 
favorabl y wit h othe r  model s o f  h u m a n categorizatio n (als o se e Estes ,  Campbell ,  Hatsopoulos ,  & 
Hurwitz ,  1989 ;  fo r  a  critiqu e se e Shanks ,  1990) .  Sinc e th e L M S rul e i s  formall y equivalen t  t o 
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Rescori a an d Wagner' s (1972 )  theor y o f  classica l  conditionin g (Sutto n &  Barto ,  1981) ,  thes e finding s 
sugges t  tha t  importan t  commonalitie s lin k higher-orde r  learnin g suc h a s categorizatio n an d lower-orde r 
classica l  conditioning .  Thu s Gluc k an d Bowe r  basicall y clai m tha t  categorizatio n ca n b e modelle d a s 
simpl e associativ e learning .  Similarly ,  Shank s an d Dickinso n (1987 )  argu e tha t  causa l  inductio n ca n 
be reduce d t o associativ e learning . 

As pointe d ou t  b y Minsk y an d Paper t  (1969) ,  simpl e one-laye r  network s ca n onl y lear n linearly -
separabl e learnin g tasks .  T o dea l  wit h thi s majo r  limitation ,  variou s extension s o f  associativ e networ k 
model s hav e bee n suggeste d i n th e connectionis t  literature .  Gluck ,  Hee ,  an d Bowe r  (1989 )  propose d a 
configural-cu e networ k i n whic h pairwis e conjunction s o f  simpl e cue s ar e code d usin g configura l  cue s 
adde d t o th e inpu t  laye r  (se e als o Gluc k &  Bower ,  1988b) .  Alternatively ,  th e standar d connectionis t 
approac h t o nonlinea r  learnin g task s i s t o ad d intermediat e layer s o f  hidde n node s betwee n th e inpu t  an d 
th e outpu t  layers ,  whic h ca n b e use d t o cod e cu e combination s (Rumelhart ,  Hinton ,  &  Williams , 
1986) .  Usin g backpropagatio n o f  erro r  signals ,  whic h conceptuall y i s a n extensio n o f  th e L M S 
learnin g rul e t o multiple-laye r  networks ,  thes e hidde n unit s ca n b e traine d t o cod e interaction s i n th e 
input .  Despit e th e difference s a m o n g th e variou s alternativ e networ k models ,  eac h o f  thes e 
connectionis t  learnin g scheme s share s a  fundamenta l  associationisti c assumption :  Th e networ k simpl y 
trie s t o lear n statistica l  association s betwee n th e node s code d o n th e inpu t  leve l  an d th e desire d output . 

Learning Within Abstract Causal Models 

The associative view of learning can be contrasted with a more mentalistic approach, which can be 
trace d bac k t o Gestal t  psychology .  I n thi s tradition ,  i t  i s claime d tha t  peopl e us e abstract ,  meaningfu l 
worl d knowledg e t o guid e thei r  learnin g abou t  ne w domains .  Higher-orde r  learnin g an d lower-orde r 
associativ e learnin g ar e see n a s differen t  i n importan t  ways .  I n particular ,  on e vie w o f  huma n learnin g 
i s tha t  peopl e impos e abstrac t  causa l  model s o n observations .  Wattenmaker ,  Dewey ,  Murphy ,  an d 
Medi n (1986 )  hav e show n tha t  peopl e profi t  fro m specifi c  worl d knowledge .  Peopl e becom e mor e 
sensitiv e t o structura l  relation s betwee n th e inpu t  cue s durin g learnin g whe n the y ca n relat e th e learnin g 
materia l  t o previousl y acquire d knowledge .  W e wil l  argu e her e tha t  eve n i n situation s i n whic h peopl e 
canno t  brin g t o bea r  specifi c  worl d knowledge ,  the y nonetheles s migh t  us e abstrac t  knowledg e abou t 
centra l  propertie s o f  th e worl d -  i n particular ,  abstrac t  knowledg e abou t  causa l  relations .  W e hav e se t 
up a n experimenta l  situatio n i n whic h associativ e learnin g an d learnin g base d o n abstrac t  causa l  model s 
ca n b e pitte d agains t  eac h other .  W e wil l  sho w tha t  differen t  causa l  model s ca n yiel d radicall y differen t 
learnin g fro m identica l  observations ,  a  findin g tha t  canno t  b e explaine d b y associativ e learnin g models . 

Figur e 1  illusu-ate s ho w w e decoupl e higher-orde r  causa l  learnin g fro m associativ e learnin g i n ou r 
experiments .  Th e arrow s represen t  tempora l  precedence ,  eithe r  i n orde r  o f  presentatio n o f  th e 
information ,  o r  i n orde r  o f  caus e an d effect . 

A. Common-Effect Situation 

O ^O Causal Model 

Cause Effec t 

^) ^^^ Associative Level 

Cue Respons e 

B. Common-Cause Situation 

O^ O Causal Model 

Effec t  Caus e 

- ^ Q ^  Associativ e Leve l 

Cue Respons e 

Figur e 1 .  (A )  Common-effec t  situation ,  i n whic h causa l  cue s ar e use d t o predic t  a  potentia l  effect ;  (B ) 
Common-cause situation ,  i n whic h presente d effect s serv e a s cue s t o diagnos e a  potentia l  cause . 
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Th e lowe r  halve s o f  bot h Figur e 1 A an d B  sho w a n associationisti c representatio n o f  th e learnin g 
situations :  Cue s ar e presente d first ,  an d th e tas k i s t o lear n t o associat e the m wit h th e correc t  responses . 
Th e correspondin g uppe r  halve s sho w h o w th e task s m a p t o a  causa l  account .  I n a  "common-effect " 
situatio n (Figur e 1  A ) ,  th e cue s represen t  cause s an d th e response s represen t  decision s abou t  a  predicte d 
effect .  Sinc e accordin g t o ou r  worl d knowledg e cause s alway s preced e effects ,  th e tempora l  ordering s 
ar e isomorphi c betwee n th e causa l  an d associationisti c representation s o f  th e task .  I n a  "common -
cause "  situatio n (Figur e IB ) ,  th e cue s represen t  effects ,  an d th e response s represen t  decision s abou t  a 
caus e t o b e diagnosed .  Th e tempora l  orderin g i s reverse d relativ e t o a  common-effec t  situation ,  an d th e 
mappin g t o th e associationisti c descriptio n i s als o reversed .  B y comparin g learnin g i n thes e tw o type s 
of  situations ,  thi s desig n allow s u s t o disentangl e prediction s base d o n associativ e account s fro m thos e 
derive d fro m assumption s abou t  causa l  model s fo r  induction .  I n bot h tasks ,  cue s hav e t o b e associate d 
wit h th e require d responses .  Thu s i f  subject s trea t  bot h task s a s associativ e multiple-cu e learning ,  the n 
bot h shoul d yiel d identica l  pattern s o f  learning .  If ,  however ,  subject s represen t  th e tw o situation s i n 
term s o f  causa l  models ,  th e tw o task s wil l  diffe r  i n psychologicall y importan t  ways ,  an d th e learnin g 
pattern s shoul d reflec t  thes e differences . 

Experimen t  1 

Metho d 

A multiple-cu e learnin g tas k wa s use d i n thi s experiment .  Subject s wer e hande d inde x card s on e a t  a 
time ,  wit h eac h givin g a  descriptio n o f  a  fictitiou s person .  Subject s wer e aske d t o giv e a  "yes-no " 
response ,  classifyin g th e card s eithe r  a s positiv e o r  a s negativ e cases .  Immediatel y afte r  ever y respons e 
subject s wer e tol d i f  thei r  judgmen t  w a s correc t  o r  incorrrect .  Th e subject s wer e traine d unti l  the y 
reache d a  learnin g criterio n (tw o cycle s throug h th e eigh t  basi c case s withou t  error )  o r  unti l  the y 
receive d a n uppe r  limi t  o f  learnin g trials . 

Th e description s o n th e inde x card s consiste d o f  thre e binar y value s o f  dimensiona l  features :  weight , 
pallor ,  an d perspiration .  T h e fictitiou s person s ha d eithe r  hig h (e.g. ,  anorexic )  o r  lo w (e.g. , 
underweight )  intensit y value s o n eac h o f  thes e dimensions .  Th e eigh t  possibl e case s wer e arrange d 
eithe r  i n a  linearl y separabl e o r  i n a  non-linearl y separable ,  correlate d fashio n (se e Figur e 2) .  Simila r 
structure s hav e previousl y bee n investigate d b y Wattenmake r  e t  al .  (1986 )  an d b y Shepard ,  Hovland , 
an d Jenkin s (1961) . 
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Figur e 2 :  Structur e o f  ite m set s use d i n Experimen t  1 

The positive set corresponds to a correct "yes" response, and the negative set to a correct "no" 
response .  I n th e linearl y separabl e arrangemen t  hig h value s o f  th e dimension s ar e mor e typica l  fo r  th e 
positiv e set ,  an d lo w value s fo r  th e negativ e set .  Fo r  bot h sets ,  eac h dimensio n ha s on e exceptiona l 
valu e s o tha t  th e dimensiona l  value s ar e onl y probabilisticall y relate d t o th e sets .  However ,  a  simpl e 
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linea r  rul e distinguishe s th e tw o sets .  II '  a  perso n ha s a t  leas t  tw o ou t  o f  thre e hig h value s o n th e thre e 
dimensions ,  the n thi s perso n belong s t o th e positiv e set .  Thi s structur e doe s no t  requir e hidde n layer s 
or  configura l  node s i n a  connectionis t  learnin g network . 

I n th e correlated ,  non-linearl y separabl e condition ,  neithe r  hig h no r  lo w value s ar e mor e o r  les s 
typica l  fo r  th e positiv e o r  negativ e set .  Fo r  eac h dimension ,  ther e ar e tw o person s wit h hig h value s 
and tw o wit h lo w value s i n eac h set .  Ther e i s therefor e n o linea r  rul e t o separat e th e tw o sets .  Th e 
onl y wa y t o distinguis h th e tw o set s i s t o notic e th e positiv e correlatio n betwee n th e firs t  an d th e thir d 
dimensio n i n th e positiv e set ,  an d th e negativ e correlatio n i n th e negativ e set .  Th e middl e dimensio n i s 
irrelevan t  fo r  th e classification .  Thi s task ,  whic h i s formall y equivalen t  t o learnin g a n "exclusive-or " 
structure ,  require s configura l  node s o r  hidde n layer s i n connectionis t  networks . 

Thi s linear-separabilit y  facto r  wa s crosse d wit h a  secon d facto r  involvin g manipulatio n o f  th e causa l 
structur e impose d o n th e learnin g task .  I n th e "common-cause "  condition ,  subject s wer e tol d tha t  the y 
ar e goin g t o lear n abou t  a  diseas e tha t  i s cause d b y a  virus ,  whic h coul d b e mor e o r  les s intense .  I n 
thi s conditio n th e viru s play s th e rol e o f  a  c o m m o n caus e tha t  simultaneousl y affect s th e symptoms . 
Th e cue s tha t  subject s sa w o n th e inde x card s thu s correspon d t o effect s o f  a  c o m m o n cause .  Thi s 
causa l  mode l  naturall y predict s a  "spuriou s correlation "  betwee n th e effects :  A  high-intensit y viru s 
shoul d yiel d high-intensit y effects ,  wherea s a  low-intensit y viru s shoul d yiel d low-intensit y effects . 
Thi s situatio n i n fac t  correspond s t o th e correlate d condition ;  accordingly ,  w e predicte d tha t  thi s 
conditio n shoul d b e particularl y eas y fo r  subject s w h o receive d a  cove r  stor y consisten t  wit h th e 
common-caus e model . 

I n a  secon d causa l  context ,  th e "common-effect "  condition ,  th e causa l  direction s wer e reversed .  N o w 
th e subject s wer e tol d tha t  a n experimen t  o n socia l  cognitio n ha d bee n conducted .  I n thi s experimen t  i t 
was foun d tha t  th e appearanc e o f  som e peopl e produce s a  ne w emotiona l  respons e i n thei r  observers . 
Her e th e cue s o n th e inde x card s correspon d t o potentia l  cause s o f  a  c o m m o n effect .  Th e subjects '  tas k 
was t o lear n t o predic t  whic h perso n elicit s a n emotiona l  respons e i n a n observer .  Thi s emotiona l 
respons e migh t  var y i n intensity .  Common-effec t  structure s d o no t  impl y correlation s a m o n g th e 
causes .  Learnin g correlate d cause s amount s t o learnin g a  disordina l  interaction ,  wherea s th e linea r 
conditio n correspond s t o a  causa l  mode l  wit h thre e mai n effects .  Give n th e preferenc e peopl e hav e fo r 
linea r  a s oppose d t o configura l  causa l  structures ,  th e linearl y separabl e tas k shoul d b e relativel y eas y t o 
lear n (se e Dawes ,  1982) . 

I t  i s  importan t  t o not e tha t  althoug h subject s wer e informe d tha t  th e caus e (common-caus e 
condition )  o r  effec t  (common-effec t  condition )  coul d var y i n intensity ,  n o feedbac k abou t  th e intensit y 
leve l  o f  th e outcom e facto r  wa s eve r  provided .  Rather ,  subject s wer e onl y tol d whethe r  th e outcom e 
was obtained ,  regardles s o f  it s intensity . 

T o summarize ,  i f  subject s lear n accordin g t o th e account s o f  associativ e learnin g theorie s (e.g. , 
connectionis t  model s wit h hidde n layer s o r  configura l  nodes) ,  th e differen t  causa l  structure s impose d o n 
th e tas k shoul d no t  matter .  Subject s acros s th e tw o causa l  condition s se e identica l  cues ,  an d ar e 
require d t o lear n identica l  cue-respons e mappings .  However ,  i f  subject s ar e sensitiv e t o th e differen t 
structura l  implication s o f  th e tw o causa l  models ,  thei r  learnin g rate s fo r  th e linea r  an d correlate d 
conditio n shoul d var y acros s th e tw o causa l  cove r  stories . 

Results 

Figure 3 shows the results based on 40 UCLA undergraduates who served as subjects. The mean 
number  o f  error s mad e prio r  t o th e subjec t  reachin g th e learnin g criterio n wa s use d a s a n indicato r  o f 
learnin g difficulty .  A s predicted ,  th e causa l  cove r  stor y interacte d wit h th e structur e o f  th e ite m set ,  F 
(1 ,  36 )  =  7.48 ,  p  <  .025 .  Th e correlate d conditio n wa s easie r  t o lear n i n th e diseas e context ,  i n whic h a 
correlatio n naturall y fall s  ou t  o f  a  common-caus e structure .  I n contrast ,  i n th e emotional-respons e 
conditio n th e linearly-separabl e ite m se t  wa s easie r  t o lear n tha n th e correlate d set ,  a s woul d b e expecte d 
i f  peopl e fin d main-effec t  model s simple r  t o lear n tha n causa l  interactions .  Overall ,  th e linea r  conditio n 
was learne d wit h fewe r  error s tha n wa s th e correlate d condition ,  F(l,36 )  =  5.78 ,  p  <  .025 .  Th e result s 
of  Experimen t  1  thu s clearl y suppor t  th e clai m tha t  subject s wer e usin g causa l  model s durin g learning , 
rathe r  tha n simpl y tryin g t o associat e th e presente d cue s wit h th e correc t  responses . 
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Figur e 3 .  Mea n error s prio r  t o reachin g criterio n a s a  functio n o f  th e causa l  mode l  (commo n caus e vs . 
common effect )  an d structur e o f  th e ite m se t  (linearl y separabl e vs .  correlated )  i n Experimen t  1 . 

Experimen t  2 

Metho d 

I n a  secon d experimen t  w e focuse d o n th e correlate d condition .  I n orde r  t o bette r  approximat e 
correlation s wit h continuou s variables ,  w e use d tw o variable s wit h fou r  intensit y level s eac h i n thi s 
experiment .  W e agai n use d weigh t  an d pallo r  a s dimensions .  Th e level s o f  weigh t  wer e "slightl y 
underweight" ,  "underweight" ,  "seriousl y underweight" ,  an d "anorexi c body" ;  analogou s level s wer e use d 
fo r  pallor .  I n th e positiv e se t  thes e tw o variable s wer e perfectl y positivel y correlate d (value s 4  4, 3 3 , 
2 2 ,  an d 1  1 ,  fo r  th e fou r  positiv e items),  wherea s i n th e negativ e se t  the y wer e negativel y correlate d 
(value s 4  1 ,  3  2 ,  2  3 ,  an d 1  4) .  Not e tha t  model s lik e th e configural-cu e mode l  o f  Gluc k e t  al .  (1989) , 
whic h introduc e separat e configura l  cue s fo r  eac h pairwis e feature-valu e combination ,  d o no t  captur e th e 
monotonicit y involve d i n a  correlatio n o f  continuou s variables .  I n addition ,  th e numbe r  o f  configura l 
cue s require d b y suc h model s grow s exponentiall y  wit h th e numbe r  o f  levels . 

I n additio n t o examinin g learnin g wit h mor e clearl y continuou s variables ,  Experimen t  2  addresse d 
th e questio n o f  whethe r  subject s reall y nee d explici t  informatio n abou t  th e fac t  tha t  th e viru s (th e 
c o m m on cause )  m a y var y i n intensity .  Eve n thoug h capturin g th e positiv e correlatio n withi n th e 
positiv e se t  require s th e assumptio n o f  a  continuou s c o m m o n cause ,  subject s migh t  b e abl e t o infe r 
thi s propert y o f  th e caus e b y observin g th e learnin g patterns .  I f  th e effect s ar e clearl y continuou s (a s 
was th e cas e fo r  ou r  materials) ,  thi s m a y encourag e th e assumptio n tha t  th e underlyin g caus e i s als o 
continuous .  Accordingly ,  hal f  o f  th e subject s receive d th e hin t  tha t  th e c o m m o n caus e migh t  var y i n 
intensity ,  a s i n Experimen t  1 ,  wherea s th e othe r  hal f  di d not .  Thi s hin t  facto r  wa s crosse d wit h th e 
causa l  contex t  factor ,  whic h agai n consiste d o f  a  common-caus e an d a  common-effec t  condition .  Te n 
subject s serve d i n eac h o f  th e fou r  conditions . 

Results 

The results, displayed in Figure 4, replicated the finding that the correlated item set is learned more 
readil y i n th e common-effec t  tha n i n th e common-caus e condition ,  F(l,36 )  =  7.38 ,  p  <  .025 .  Omittin g 
th e hin t  tha t  th e caus e (virus )  coul d var y i n intensit y di d no t  significantl y impai r  subjects '  performance . 
Th e impac t  o f  causa l  model s o n learnin g correlate d ite m set s thu s generalize s t o mor e continuou s 
dimensions . 
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Figur e 4 .  Mea n error s prio r  t o reachin g criterio n a s a  functio n o f  th e causa l  mode l  (commo n caus e vs . 
common effect )  an d provisio n o f  a n intensit y hin t  fo r  a  correlate d ite m se t  i n Experimen t  2 . 

E x p e r i m e n t  3 

M e t h o d 

Experimen t  3  addresse s a  restrictio n tha t  Gluc k e t  al .  (1989 )  impose d o n thei r  configural-cu e 
networ k model .  Th e majo r  advantag e o f  configural-cu e network s i s tha t  the y ca n lear n interaction s 
usin g simpl e hnea r  network s wit h th e standar d LMS-rule ,  withou t  requirin g backpropagation .  Thei r 
majo r  proble m i s tha t  th e potentia l  numbe r  o f  configura l  cue s grow s exponentiall y  wit h th e numbe r  o f 
inpu t  cues .  Gluc k an d Bowe r  (1988b )  therefor e sugges t  restrictin g configura l  cue s t o pairwis e 
conjunctions .  A n obviou s drawbac k o f  thi s restrictio n i s tha t  suc h a  networ k i s unabl e t o handl e 
problem s fo r  whic h th e correc t  decisio n require s learnin g a n interactio n amon g thre e (o r  more )  cues . 
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Figur e 5 .  Structur e o f  ite m se t  use d i n Experimen t  3 . 

I n contrast ,  certai n three-wa y interaction s shoul d b e learne d fairl y easil y withi n th e contex t  o f  a 
common-caus e model .  Figur e 5  show s th e structur e o f  th e materia l  use d i n Experimen t  3 .  Th e 
positiv e se t  wa s characterize d b y thre e correlate d dimension s ( H H  H ,  o r  L  L  L ) ,  whil e th e fourt h 
dimensio n i s irrelevant .  Thi s typ e o f  three-wa y interaction ,  lik e th e pairwis e interaction s use d i n th e 
correlate d condition s i n previou s experiments ,  i s  consisten t  wit h a  common-caus e mode l  i n whic h th e 
caus e ca n var y i n intensity .  Th e negativ e se t  consiste d o f  th e ful l  contras t  se t  wit h respec t  t o th e firs t 
thre e dimensions ,  s o tha t  th e subject s indee d ha d t o lear n th e three-wa y interactio n an d coul d no t  us e 
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two-wa y correlation s t o predic t  th e correc t  response .  I n orde r  t o kee p tli c  negativ e se t  small ,  hal f  o f  th e 
subject s receive d th e negativ e case s i n whic h ever y uneve n cas e ha s a n L-valu e o n th e fourt h irrelevan t 
dimension ,  whil e fo r  th e othe r  hal f  thes e value s wer e reversed .  Th e dimension s an d value s wer e th e 
same a s thos e use d i n Experimen t  1 ,  wit h th e additio n o f  tw o level s o f  postur e a s th e irrelevan t 
dimension .  A s i n th e previou s experiment ,  n o hin t  wa s give n regardin g potentia l  intensit y variation s 
of  th e virus .  T w o group s o f  subject s differe d solel y i n th e causa l  cove r  stor y the y received :  th e diseas e 
stor y ( c o m m o n cause )  o r  th e emotional-respons e stor y ( c o m m o n effect) .  Twelv e subject s serve d i n 
eac h cover-stor y condition . 

Results 

The results presented in Figure 6 indicate that the three-way interaction was considerably more 
difficul t  t o lear n tha n wer e th e correlate d ite m set s withi n th e earlie r  experiment s wit h pairwis e 
interaction s (compar e error s fo r  th e correlate d condition s i n Figure s 3  an d 4) .  Nonetheless ,  man y 
subject s wer e abl e t o attai n th e criterio n o f  tw o passe s throug h th e item s withou t  a n error ,  thu s 
contradictin g th e implicatio n o f  Gluc k e t  al.' s  (1989 )  configural-cu e model ,  accordin g t o whic h th e tas k 
shoul d b e unleamable .  I n addition ,  an d a s i n th e previou s experiments ,  th e common-caus e conditio n 
yielde d a  considerabl y lowe r  erro r  rat e tha n di d th e common-effec t  condition ,  F(l,22 )  =  5.40, p <  .05 . 

Mean Errors 
8 0 

60-

40-

20-

C o m m on Caus e C o m m on Effec t 

Figur e 6 .  Mea n error s prio r  t o reachin g criterio n a s a  functio n o f  th e causa l  mode l  (commo n caus e vs . 
common effect )  fo r  a  correlate d ite m se t  base d o n a  three-wa y interactio n i n Experimen t  3 . 

Discussion 

Taken together, the three presented experiments clearly demonstrate the inadequacy of 
associationisti c learnin g account s o f  causa l  inductio n a s the y ar e embodie d i n recen t  connectionis t 
models .  Eve n thoug h th e cue s an d th e require d response s wer e identica l  acros s th e tw o causa l  contexts , 
subject s prove d sensitiv e t o th e structura l  implication s o f  th e differen t  causa l  direction s implie d b y th e 
cove r  stories .  Network s tha t  simpl y cod e cue s o n th e inpu t  layer s an d response s o n th e outpu t  laye r 
canno t  explai n suc h reversa l  i n th e relativ e difficult y o f  linearly-separabl e versu s correlate d ite m sets , 
regardles s o f  h o w the y ar e internall y configured . 

Our  result s als o demonstrat e tha t  causa l  inductio n canno t  b e reduce d t o associativ e learning . 
Associativ e account s d o no t  captur e th e fundamenta l  difference s betwee n predictiv e an d diagnosti c 
reasonin g (Pearl ,  1988) .  Predictiv e reasonin g require s learnin g th e causa l  strength s betwee n give n 
cause s an d potentia l  predicte d effects .  Onc e th e causa l  link s ar e learned ,  informatio n abou t  th e presenc e 
of  a  caus e allow s probabilisti c  conclusion s regardin g it s likel y effects .  I n diagnosti c reasoning ,  i n 
whic h cause s ar e inferre d fro m effects ,  th e situatio n i s different .  Eve n wit h perfec t  knowledg e abou t 
cause-effec t  relationships ,  effec t  informatio n i s ambiguou s wit h respec t  t o it s cause s wheneve r  ther e 
exist s mor e tha n on e potentia l  cause .  Reasonin g i n thi s situatio n require s a n inferenc e t o th e bes t 
explanatio n (Harman ,  1986 ;  Thagard ,  1989) .  Differen t  possibl e theorie s hav e t o b e weighe d agains t 
eac h other ,  an d a  decisio n i n favo r  o f  on e o r  th e othe r  theor y i s base d o n th e fi t  betwee n th e prediction s 
of  differen t  theorie s an d th e evidence .  A n analogou s approac h i s take n i n researc h o n statistica l  causa l 
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model s a s the y ar e embodie d i n linea r  slruciura l  equation s (Bollen ,  1989) .  W e ar e currentl y modellin g 
th e difference s betwee n predictiv e an d diagnosti c reasonin g withi n a  symbolic-connectionis t  framework , 
explorin g model s i n whic h unit s ar e interprete d a s cause s an d effect s an d cor e link s ar e viewe d a s causa l 
connections . 

Finally ,  ou r  result s ar e i n agreemen t  wit h man y finding s demonstratin g a n overal l  preferenc e fo r 
linea r  model s (e.g. ,  Dawes ,  1982 ;  Trabass o &  Bower ,  1968) .  Learnin g linea r  model s put s les s strai n 
on informatio n processin g becaus e th e impac t  o f  individua l  cause s i s no t  moderate d b y th e presenc e o f 
othe r  causes .  A  numbe r  o f  philosopher s hav e argue d tha t  common-caus e structure s ar e prevalen t  i n 
scientifi c  reasoning .  Salmo n (1984) ,  i n particular ,  argue d tha t  theoretica l  concept s pla y th e rol e o f 
c o m m on causes .  Psychologist s an d philosopher s hav e aske d man y time s wha t  w e gai n fro m inferrin g 
invisibl e entities .  A  possibl e answer ,  suggeste d b y th e presen t  results ,  migh t  b e tha t  inferre d c o m m o n 
cause s hel p peopl e t o re-represen t  nonlinea r  observabl e structure s withi n a  basicall y linea r  menta l 
model . 
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