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Abstrac t 

Associationist theories of causal induction model learning as 
th e acquisitio n o f  associativ e weight s betwee n cue s an d out -
comes.  A n importan t  defici t  o f  thi s clas s o f  model s i s it s  in -
sensitivit y t o th e causa l  rol e o f  cues .  A  numbe r  o f  recen t  ex -
perimenta l  findings  hav e show n tha t  huma n learner s differen -
tiat e betwee n cue s tha t  represen t  cause s an d cue s tha t  repre -
sent  effects .  Ou r  Bayesia n networ k mode l  overcome s thi s re -
striction .  Th e mode l  start s learnin g wit h initia l  stractura l  as -
sumption s abou t  th e causa l  mode l  underlyin g th e learnin g 
domain .  Thi s causa l  mode l  guide s th e estimatio n o f  causa l 
strength ,  an d suggest s integratio n schema s fo r  multipl e cues . 
I n thi s way ,  causa l  model s effectivel y reduc e th e potentia l 
computationa l  complexit y inheren t  i n eve n relativel y simpl e 
learnin g tasks .  Th e Bayesia n mode l  i s  applie d t o a  numbe r  o f 
experimenta l  findings,  includin g studie s o n estimatio n o f 
causa l  strength ,  cu e competition ,  bas e rat e use ,  an d learnin g 
linearl y an d nonlinearl y separabl e categories . 

Introduction 

T h e T e m p o r a l  O r d e r  o f  In format io n Constrain t 

A popula r  approac h t o causa l  learnin g postulate s a  proces s 
tha t  i s  associativ e i n natur e (e.g. .  Shank s &  Dickinson , 
1987) .  Accordin g t o thi s view ,  learnin g involve s th e asso -
ciatio n o f  cue s an d outcomes .  A n importan t  characteristi c o f 
thi s clas s o f  model s i s  it s insensitivit y t o th e semantic s o f 
learnin g events .  Regardles s o f  whethe r  th e cue s represen t 
conditiona l  stimuli ,  features ,  causes ,  o r  effects ,  th e learnin g 
proces s i s  alway s identical .  Mos t  notably ,  th e reductio n o f 
causa l  learnin g t o th e associatio n o f  cue s an d outcome s 
implie s th e equatio n o f  predictiv e learnin g an d diagnosti c 
learning .  Predictiv e learnin g involve s th e associatio n o f 
cause s (cues )  an d effect s (outcomes) ,  diagnosti c learnin g th e 
associatio n o f  effect s (cues )  an d cause s (outcomes) .  A s lon g 
as th e cue s an d outcome s i n thes e tw o task s hav e compara -
bl e characteristics ,  learnin g shoul d b e identical .  Thi s ap -
proac h t o learnin g embodie s a  tempora l  orde r  o f  informatio n 
constraint .  Th e informatio n receive d firs t  i n tim e i s assigne d 
t o th e cu e laye r  o f  th e associativ e network .  Associativ e 
theorie s ar e onl y on e exampl e o f  a  larg e clas s o f  theorie s 
tha t  us e thi s constraint .  Multiple-cu e integratio n models , 
suc h a s th e len s model ,  an d man y categorizatio n theorie s 
als o assig n cue s o n th e basi s o f  tempora l  orde r  o f  informa -
tion . 

We hav e conducte d a  numbe r  o f  experiment s whic h sho w 
tha t  thi s clas s o f  model s i s inadequat e fo r  describin g causa l 
learnin g (se e Waldmann ,  1996 ,  fo r  a n overview) .  Ou r  ex -
periment s demonstrate d tha t  huma n learner s ar e indee d 
sensitiv e t o th e causa l  statu s o f  cue s an d outcomes .  I n par -
ticular ,  th e experiment s showe d tha t  a  predictiv e learnin g 
tas k i n whic h multipl e cause s ar e use d t o predic t  a  c o m m o n 
effec t  i s  learne d differentl y fro m a n otherwis e identica l 
diagnosti c learnin g tas k i n whic h multipl e effect s ar e use d 
as cue s t o a  c o m m o n cause . 

The Temporal Order of Events Constraint 

A ke y featur e o f  ou r  mode l  i s th e decouplin g betwee n th e 
tempora l  orde r  o f  th e incomin g informatio n an d th e repre -
sente d tempora l  orde r  o f  events .  Learnin g event s ar e as -
signe d t o th e causa l  mode l  o n th e basi s o f  th e tempora l 
orde r  o f  event s i n th e rea l  worl d an d no t  o n th e basi s o f  th e 
tempora l  orde r  o f  information .  Thus ,  ou r  mode l  honor s th e 
tempora l  orde r  o f  event s constraint .  W e assum e tha t  leamer s 
brin g t o bea r  prio r  knowledg e abou t  th e precedenc e o f 
cause s an d effects .  Cause s occur  temporall y prio r  t o thei r 
effects ,  regardles s o f  whethe r  th e informatio n give n firs t  i s 
abou t  cause s (predictiv e learning )  o r  abou t  effect s (diagnos -
ti c  learning) .  I n bot h tasks ,  th e caus e informatio n i s assigne d 
t o th e caus e layer s o f  th e causa l  model s an d th e effec t  in -
formatio n t o th e effec t  layers . 

The Model 
Th e mode l  involve s fou r  steps .  I t  start s wit h initia l  assump -
tion s abou t  th e causa l  mode l  tha t  presumabl y underlie s th e 
learnin g dat a (Ste p 1) .  Thi s initia l  causa l  mode l  serve s tw o 
functions .  I t  guide s th e proces s o f  estimatin g th e causa l 
power  o f  eac h caus e wit h respec t  t o it s effect s (Ste p 2) ,  an d 
i t  suggest s schema s fo r  integratin g th e causa l  powe r  esti -
mate s fo r  multipl e cue s (Ste p 3) .  I n predictiv e learnin g thes e 
cue s represen t  multipl e causes ,  i n diagnosti c learnin g multi -
pl e effects .  Wheneve r  th e initia l  mode l  fail s  t o represen t  th e 
learnin g data ,  error s wil l  occur .  Thes e error s wil l  sugges t  a 
revisio n o f  th e causa l  mode l  (Ste p 4) .  Subsequen t  learnin g 
wil l  b e base d o n th e revise d model . 

Setting up an Initial Causal Model (Step 1) 

Accordin g t o th e model ,  learner s mak e initia l  hypothetica l 
assumption s abou t  th e causa l  mode l  underlyin g th e learnin g 
input .  I n ou r  experiment s thes e assumption s ar e typicall y 
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manipulate d b y mean s o f  differentia l  initia l  instructions ,  bu t 
othe r  cue s t o causalit y suc h a s tempora l  precedenc e m a y 
als o b e use d (se e W a l d m a n n ,  1996) . 

The top-dow n orientatio n o f  ou r  mode l  deviate s sharpl y 
fro m th e majorit y o f  Bayesia n networ k model s (e.g .  Pearl , 
1988 ;  Spirtes ,  Glymour ,  &  Scheines ,  1993) .  Suc h model s 
ar e typicall y develope d a s normativ e tool s fo r  statistica l 
analysis ,  an d the y ofte n ai m a t  developin g strategie s t o 
bootsU-a p causa l  structure s fro m covariatio n dat a i n a  bot -
tom-u p fashion .  Thes e method s ar e no t  intende d t o mode l 
everyda y causa l  reasoning .  O n th e contrary ,  the y ar e ofte n 
motivate d b y th e assumptio n tha t  causa l  analysi s need s t o b e 
guide d b y exper t  system s tha t  embod y Bayesia n strategies . 
I n ou r  view ,  i t  i s  unlikel y tha t  h u m a n learner s ar e goo d a t 
inducin g th e causa l  relation s betwee n severa l  interconnecte d 
event s solel y o n th e basi s o f  covariatio n information . 

Causal  model s hav e th e potentia l  t o dramaticall y reduc e 
th e processin g effor t  durin g learning .  Consider ,  fo r  instance , 
th e potentia l  effor t  involve d i n a  domai n wit h thre e interre -
late d binar y events ,  entailin g dozen s o f  unconditiona l  an d 
conditiona l  frequencies  tha t  a  learne r  migh t  decid e t o focu s 
on (se e Pearl ,  1988) . 

Figur e 1  illustrate s thre e differen t  causa l  model s tha t  ca n 
be generate d b y thre e events .  Th e arrow s denot e direc t 
causa l  influence s tha t  poin t  from  cause s t o effects .  Th e 
computationa l  advantag e o f  suc h model s i s tha t  the y encod e 
not  onl y informatio n abou t  direc t  dependencies ,  bu t  als o 
additiona l  structura l  informatio n abou t  furthe r  dependencie s 
(se e Pearl ,  1988 ;  Spirte s e t  al. ,  1993) .  Fo r  example ,  a  com -
mon caus e mode l  wit h tw o effect s (Fig .  lA )  convey s th e 
informatio n tha t  th e tw o effect s ar e marginall y correlate d 
but  becom e independen t  conditiona l  upo n thei r  c o m m o n 
cause .  A  c o m m o n effec t  mode l  (Fig .  IB) ,  b y contrast ,  im -
plie s tha t  th e tw o alternativ e cause s ar e marginall y inde -
penden t  o f  eac h other ,  bu t  becom e dependen t  conditiona l 
upon thei r  c o m m o n effect .  Finally ,  a  causa l  chai n mode l 
(Fig .  IC )  entail s tha t  th e initia l  caus e become s independen t 
of  th e final  effec t  onc e th e intermediat e caus e i s hel d fixed. 
Thes e ar e jus t  som e example s o f  th e m a n y usefu l  implica -
tion s o f  thes e models .  Wheneve r  thes e model s describ e th e 
learnin g domai n appropriately ,  the y hav e th e potentia l  t o 
greatl y reduc e th e learnin g informatio n required . 

Estimating Causal Power (Step 2) 

One o f  th e primar y function s o f  causa l  model s i s tha t  the y 
specif y th e informatio n relevan t  t o th e assessmen t  o f  th e 
strengt h o f  causa l  relations .  No t  ever y statistica l  relatio n 
observe d i n learnin g inpu t  i s relevan t  fo r  assessin g causa l 
hypotheses ;  causa l  model s ca n provid e guidanc e i n th e se -
lectio n o f  relevan t  information . 

Followin g Chen g (1997) ,  th e strengt h o f  a  direc t  causa l 
relation ,  th e causa l  powe r  o f  th e cause ,  ca n b e define d a s th e 
probabilit y  o f  th e effec t  i n th e presenc e o f  th e caus e i n th e 
absenc e o f  al l  alternativ e influences .  Causa l  powe r  i s as -
sesse d i n th e cause-effec t  directio n regardles s o f  th e orde r  o f 
learnin g events .  A t  thi s point ,  th e mode l  i s restricte d t o 
situation s i n whic h informatio n abou t  frequencies  i s avail -
abl e (e.g. ,  trial-by-tria l  learning) .  W e assum e tha t  learner s 
use frequenc y information ,  whic h i s update d afte r  eac h 
learnin g trial ,  t o asses s causa l  power .  However ,  no t  al l  th e 

unconditiona l  an d conditiona l  frequencie s hav e t o b e en -
coded ,  bu t  onl y thos e frequencies  which ,  accordin g t o th e 
initia l  causa l  model ,  ar e relevan t  t o th e estimatio n process . 

Assumin g a  situatio n i n whic h al l  th e causa l  factor s ar e 
specifie d withi n th e causa l  mode l  ("close d worl d assump -
tion") ,  causa l  powe r  ca n b e directl y measure d o n th e basi s 
of  observe d conditiona l  frequencies .  I n th e simpl e cas e o f 
on e caus e an d on e effect ,  th e causa l  powe r  o f  th e caus e i s 
represente d b y th e conditiona l  probabilit y  o f  th e effec t  e 
give n caus e c ,  P(e\c) .  Thi s estimat e i s alread y guide d b y a 
prio r  causa l  mode l  tha t  specifie s whic h o f  th e tw o event s i s 
th e caus e an d whic h th e effect. ' 

Figur e 1 :  A  c o m m o n caus e (A) ,  c o m m o n effec t  (B) ,  an d 
causa l  chai n (C )  model . 

The role of causal models is even clearer in more complex 
situation s wit h thre e event s (se e Eells ,  1991 ;  W a l d m a n n & 
Hagmayer ,  submitted) .  I n th e c o m m o n caus e situatio n (Fig . 
lA ) ,  th e causa l  powe r  relatio n betwee n th e caus e c  an d eac h 
of  th e effect s e ,  an d e ^  ca n similarl y b e inferre d o n th e basi s 
of  th e conditiona l  probabilitie s P{e,\c )  an d Pie l̂c) ,  becaus e 
th e mode l  implie s conditiona l  independenc e o f  th e tw o 
effects .  Th e situatio n i s differen t  w h e n th e causa l  arrow s ar e 
reversed ,  yieldin g a  c o m m o n effec t  mode l  wit h tw o alterna -
tiv e cause s c ,  an d C j  (Fig .  IB) .  I n thi s situation ,  th e prob -
abilit y  o f  th e effec t  i n th e presenc e o f  eithe r  caus e i s als o 
influence d b y th e possibl e presenc e o f  th e alternativ e cause . 
Thus ,  i n a  situatio n i n whic h th e tw o cause s increas e th e 
probabilit y  o f  th e effec t  (generativ e causes) ,  th e appropriat e 
metho d o f  measurin g causa l  powe r  i s t o focu s o n situation s 
i n whic h th e alternativ e cause s ar e absen t  (fo r  a  discussio n 
of  preventiv e causes ,  se e Cheng ,  1997) .  Fo r  example ,  th e 
causa l  powe r  o f  c ,  ca n b e inferre d o n th e basi s o f 
P(e\c ,  .-Cj) .  (A n isolate d perio d mean s "and, "  an d "~ "  refer s 
t o th e absenc e o f  th e cause. )  Finally ,  i n causa l  chain s th e 
causa l  powe r  o f  th e initia l  caus e c  ove r  it s direc t  effec t  e , 
shoul d b e independen t  o f  th e final  effec t  ê .  Therefore ,  th e 
simpl e conditiona l  probabilit y P(e,\c )  shoul d serv e a s a n 
indicato r  o f  th e causa l  powe r  o f  even t  c .  T h e causa l  powe r 
of  th e intermediat e caus e e ,  i s  dependen t  o n th e kin d o f 
causa l  chai n underlyin g th e domain .  I n a  genuin e Marko v 
chain ,  i n whic h th e initia l  caus e i s independen t  o f  th e fina l 

' a mor e realisti c assumptio n i s tha t  ther e ar e othe r  unknow n causa l 
influences .  Chen g (1997 )  ha s derive d a n empirica l  estimat e o f 
causa l  powe r  fo r  a  singl e cause-effec t  relation ,  fo r  situation s i n 
whic h ther e ar e unknow n causes .  Althoug h w e hav e als o devel -
oped ou r  mode l  fo r  thi s mor e realisti c  case ,  w e wil l  focu s i n thi s 
paper  o n full y specifie d models .  Mos t  o f  th e experiment s describe d 
belo w ca n b e explaine d usin g th e simplifyin g assumptio n o f  a 
close d world .  Th e mor e comple x versio n o f  th e mode l  tha t  in -
clude s unknow n causa l  factor s doe s no t  qualitativel y chang e th e 
prediction s fo r  thes e experiments . 
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effec t  conditiona l  upo n th e intermediat e cause ,  th e condi -
tiona l  probabilit y Pi^ey, )  i s  a n appropriat e indicato r  o f 
causa l  power .  However ,  mor e comple x chain s ar e possibl e 

i n whic h th e event s c  an d e ,  interac t  (Eells ,  1991) .  I n thes e 
situation s i t  woul d b e appropriat e t o contro l  fo r  th e influ -
enc e o f  th e initia l  caus e c  b y lookin g a t  P{ê \e,.c )  an d possi -
bl y als o P{ej\e,.~c) .  (Se e als o Wa ldman n &  Hagmayer , 
submitted. )  Wit h genuin e Marko v chain s bot h method s 
shoul d lea d t o th e sam e results . 

I n summary ,  th e mode l  estimate s causa l  powe r  o n th e ba -
si s o f  th e relevan t  frequenc y information .  Thes e estimate s 
ar e update d afte r  eac h learnin g trial . 

Integrating Causal Power Estimates (Step 3) 

Th e secon d importan t  functio n o f  causa l  model s i s th e guid -
anc e the y provid e fo r  th e integratio n o f  multipl e cues .  W e 
assume tha t  th e initia l  strateg y o f  learner s i s t o integrat e th e 
causa l  powe r  estimate s o n th e basi s o f  structura l  assump -
tion s implie d b y th e semantic s o f  causa l  networks .  Thi s 
strateg y i s computationall y les s demandin g tha n tryin g t o 
asses s th e probabilitie s o f  th e outcome s conditiona l  upo n al l 
possibl e pattern s o f  cue s fro m th e learnin g input . 

Predictive Learning Common effect models are typical 
causa l  model s underlyin g predictiv e learnin g wit h multipl e 
cue s (se e Fi g IB) .  A n importan t  assumptio n implicitl y  en -
code d b y thes e model s i s tha t  th e alternativ e cause s occu r 
independend y o f  eac h other ,  an d tha t  thei r  individua l  causa l 
impact s o n th e effec t  ar e als o independent .  Thus ,  a  noisy-o r 
integratio n schem a provide s a  natura l  integratio n strateg y 
fo r  multipl e cause s (se e als o Pearl ,  1988 ,  chap .  4.3.2) .  As -
sumin g tw o causes ,  a  noisy-o r  schem a predict s tha t  th e 
effec t  i s  cause d eithe r  b y cause ^  o r  b y cause^ .  Sinc e thes e 
tw o cause s m a y overla p i t  i s  necessar y t o subtrac t  th e inter -
section .  Base d o n th e tw o powe r  estimate s p ,  an d p ^  fo r  th e 
tw o cause s c ,  an d Cj ,  th e conditiona l  probabilit y  o f  th e effec t 
ca n b e compute d usin g th e noisy-o r  schema , 

P{e\c,,c^)=p ^  + P 2 - P r P 2 (Equatio n 1) . 
I n summary ,  i n a  predictiv e learnin g situatio n wit h a  com -
m on effec t  mode l  th e causa l  powe r  o f  eac h individua l  caus e 
i s assesse d o n th e basi s o f  frequenc y informatio n (Ste p 2) . 
The n thes e estimate s ar e integrate d int o a  predictio n usin g 
th e noisy-o r  schem a (Ste p 3) .  Thi s proces s i s repeate d a t 
eac h learnin g trial . 

Diagnostic Learning A typical causal model underlying 
diagnosti c learnin g wit h multipl e effec t  cue s i s th e c o m m o n 
caus e mode l  (se e Fi g lA) .  Thi s mode l  assume s tha t  th e 
effect s ar e independen t  o f  eac h othe r  conditiona l  upo n th e 
state s o f  th e cause ,  thu s simplifyin g th e diagnosti c judg -
ments .  Instea d o f  havin g t o stor e th e probabilit y  o f  th e caus e 
conditiona l  upo n al l  pattern s o f  effec t  cues ,  th e mode l 
makes i t  possibl e t o us e th e individua l  powe r  estimate s an d 
integrat e the m b y takin g thei r  product .  Fo r  example ,  i n a 
c o m m on caus e situatio n wit h tw o effect s e ,  an d ê ,  th e Baye -
sia n c o m m o n caus e integratio n schem a ca n b e expresse d a s 

Pic\e,,e, )  =  aP(c)P(e,\c)P(e,\c )  (Equatio n 2) . 
I n thi s formula ,  a  refer s t o a  normalizin g constant ,  P(c )  t o 
th e unconditiona l  probabilit y  (bas e rate )  o f  th e cause ,  an d 
th e tw o conditiona l  probabilitie s o n th e right-han d sid e t o 

th e causa l  power s o f  c  wit h respec t  t o eithe r  effect .  I n a 
situatio n wit h tw o mutuall y exclusive ,  exhaustiv e cause s ( a 
situatio n typica l  o f  man y categorizatio n experiments) ,  a 
diagnosti c decisio n i s achieve d b y comparin g th e condi -
tiona l  probabilit y  o f  th e caus e (Equatio n 2 )  wit h th e condi -
tiona l  probabilit y  o f  th e absenc e o f  th e cause ,  P(~cle,,ej) . 
Accordin g t o th e model ,  th e learne r  wil l  hypotheticall y 
assume tha t  a  specifi c  caus e i s present ,  estimat e th e prob -
abilit y  o f  th e observe d pattern ,  an d the n compar e thi s esti -
mat e wit h th e hypothesi s tha t  th e caus e i s no t  present .  Thes e 
estimate s ar e weighte d b y th e frequenc y o f  th e store d 
learnin g exemplars . 

Revising the Causal Model (Step 4) 

So far ,  th e mode l  ca n onl y lear n abou t  domain s tha t  ar e 

consisten t  wit h th e structur e o f  th e initia l  causa l  model . 
However ,  thi s consistenc y i s no t  alway s given .  I n a  predic -
tiv e learnin g task ,  fo r  example ,  a  c o m m o n effec t  mode l  ma y 
not  adequatel y represen t  a  causa l  situation .  I t  coul d b e th e 
cas e tha t  whil e neithe r  o f  th e cause s alon e cause s th e effect , 
bot h cause s togethe r  d o so .  Wit h a  c o m m o n effec t  mode l  a s 
th e initia l  model ,  th e tw o powe r  estimate s wil l  b e zero .  I f 
thes e estimate s ar e plugge d int o th e noisy-o r  schema ,  th e 
incorrec t  predictio n tha t  th e effec t  i s  absen t  whe n bot h 
cause s ar e presen t  i s obtained .  Thu s i n thi s situatio n th e 
model  wil l  mak e predictio n errors .  W e assum e tha t  learner s 
wil l  notic e thes e errors ,  an d conside r  modifyin g th e struc -
tur e o f  th e mode l  i n a  parsimoniou s fashion .  A  smal l  modi -
ficatio n i s on e tha t  doe s no t  ad d unknow n causa l  factors , 
and doe s no t  chang e th e causa l  role s o f  th e learnin g events . 
O ne possibilit y  woul d b e t o includ e configura l  cause s i n th e 
causa l  model .  Thi s modificatio n amount s t o addin g a n extr a 
ter m fo r  th e conjunctiv e caus e c „  whic h expresse s it s powe r 
independen t  o f  th e powe r  o f  th e tw o components , 

P(e\c„c, )  =  p,_ ,  +  p,_ ,  +  p „  (Equatio n 3) . 
Unlik e i n th e noisy-o r  schema ,  th e causa l  powe r  o f  eac h 
individua l  caus e onl y manifest s itsel f  i n th e absenc e o f  th e 
cause s wit h whic h i t  interacts .  Therefor e th e individua l 
causa l  powe r  estimate s onl y appl y t o situation s i n whic h 
interactin g factor s ar e absen t  (e.g. ,  p,. ^  refer s t o th e causa l 
power  o f  c ,  i n th e absenc e o f  c )̂ .  O n th e basi s o f  thi s modi -
fie d integratio n schem a (An d schema) ,  powe r  estimate s hav e 
t o b e obtaine d fo r  eac h individua l  caus e an d separatel y fo r 
th e conjunctiv e cause .  Thi s ne w mode l  ca n lear n abou t  som e 
type s o f  interaction s betwee n causes ,  suc h a s th e situatio n i n 
whic h th e presenc e o f  tw o cause s i s necessar y fo r  th e effect . 
However ,  i t  wil l  fai l  i n situation s wit h mor e complicate d 
interactions .  Fo r  example ,  i n a n exdusive-o r  scenari o 
( X O R ) ,  eithe r  th e presenc e o f  bot h cause s o r  th e absenc e o f 
bot h cause s produce s th e effect ,  bu t  neithe r  o f  th e cause s 
doe s s o o n it s own .  T o accoun t  fo r  thi s situatio n a  mor e 
complicate d schem a ha s t o b e invoked . 

I n genera l  w e clai m tha t  peopl e attemp t  t o mak e smal l 
modification s t o th e initia l  causa l  model .  Th e initia l  schem a 
fo r  multipl e cause s wil l  b e th e noisy-o r  schema ,  followe d b y 
th e A n d schema .  Othe r  modification s o f  th e causa l  structur e 
ar e als o possibl e (e.g. ,  addin g causa l  links) . 

I t  i s  importan t  t o not e that ,  despit e th e top-dow n directio n 
of  th e model ,  i t  i s  implicitl y  sensitiv e t o violation s o f  mode l 
assumptions .  Th e initia l  mode l  wil l  generat e predictio n o r 
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diagnosi s error s whe n i t  i s  inconsisten t  wit h th e learnin g 
data .  Thi s wil l  i n tur n lea d t o a  (parsimonious )  modificatio n 
of  th e initia l  model . 

Empirical Evidence 

The mode l  provide s a  theoretica l  basi s fo r  a  numbe r  o f 
finding s i n th e domai n o f  causa l  learning . 

Estimating Causal Power 

Waldmann an d Hagmaye r  (submitted )  hav e studie d th e 
proces s o f  assessin g th e causa l  powe r  relatio n betwee n a 
potentia l  caus e an d a n effec t  i n th e presenc e o f  a  covaryin g 
thir d event .  Participant s receive d informatio n abou t  th e ra w 
dat a o f  a  fictitiou s neuro-immunologica l  study .  Al l  partici -
pant s i n ou r  stud y receive d identica l  learnin g dat a ( a lis t  o f 
cases) ,  an d ha d t o answe r  th e sam e questio n abou t  th e 
strengt h o f  th e causa l  relatio n betwee n th e caus e an d th e 
effect .  Acros s participants ,  w e manipulate d th e causa l  rol e 
of  th e thir d even t  b y mean s o f  initia l  instruction s i n whic h 
th e causa l  rol e o f  thi s even t  wa s differentiall y  describe d (se e 
Fig .  1) .  Thu s participant s believe d the y wer e confronte d 
wit h a  c o m m o n caus e model ,  a  conmio n effec t  model ,  o r  a 
causa l  chai n model .  Th e result s clearl y confirme d th e pre -
diction s o f  ou r  theory .  Participant s onl y hel d th e thir d even t 
constan t  whe n the y though t  i t  wa s par t  o f  a  c o m m o n effec t 
model ,  otherwis e the y tende d t o ignor e it .  O n e additiona l 
interestin g resul t  o f  thi s stud y i s tha t  n o participan t  explic -
itl y  attempte d t o tes t  th e fi t  o f  th e mode l  t o th e data .  Sinc e 
learnin g dat a wa s identical ,  th e statistica l  structur e o f  th e 
learnin g inpu t  wa s no t  equall y consisten t  wit h th e hypothe -
size d causa l  model .  However ,  a s anticipate d b y ou r  model , 
participant s di d no t  becom e awar e o f  thes e inconsistencies , 
but  rathe r  use d th e instructe d mode l  t o estimat e causa l 
power  i n a  top-dow n fashion .  (I n thi s experimen t  n o learn -
in g feedbac k wa s give n s o tha t  participant s coul d no t  be -
come implicitl y  awar e o f  thes e mismatches. ) 

Asymmetries of Cue Competition 

The mode l  readil y explain s th e asymmetrie s o f  cu e compe -
titio n foun d i n experiment s tha t  characteriz e th e learnin g 
cues eithe r  a s cause s o f  a  c o m m o n effec t  o r  a s effect s o f  a 
common caus e (Waldman n &  Holyoak ,  1992 ;  Waldmann , 
1996) .  I n thes e experiments ,  a  blockin g paradig m wa s use d 
t o investigat e cu e competition .  Participant s learne d i n Phas e 
1 tha t  a  specifi c  cu e wa s perfectl y correlate d wit h th e out -
come.  I n Phas e 2 ,  a  secon d redundan t  cu e wa s constantl y 
paire d wit h th e fu-s t  cue .  N o w th e compoun d o f  bot h cue s 
was predictiv e o f  th e outcome .  Associativ e theorie s suc h a s 
th e Rescorla-Wagne r  rul e (1972 )  predic t  lowe r  associativ e 
weight s fo r  th e redundan t  cu e relativ e t o a  conditio n i n 
whic h thi s cu e i s no t  paire d wit h th e predictiv e cu e fro m 
Phase 1 .  Ou r  experiment s sho w that ,  althoug h th e learnin g 
inpu t  wa s identical ,  a  significan t  reductio n i n th e rating s o f 
th e redundan t  cu e wa s onl y observe d whe n th e cue s wer e 
introduce d a s cause s o f  a  c o m m o n effec t  (predictiv e learn -
ing) ,  bu t  no t  whe n the y wer e characterize d a s effect s o f  a 
c o m m on caus e (diagnosti c learning) . 

The mode l  anticipate s thi s asymmetry ,  becaus e causa l 
power  estimate s ar e compute d i n th e cause-effec t  directio n 

on th e basi s o f  assumption s abou t  th e underlyin g causa l 
model .  I n th e predictiv e conditio n th e cue s represen t  multi -
pl e causes .  Th e mode l  predict s tha t  fo r  c o m m o n effec t  mod -
el s i t  i s  necessar y t o calculat e causa l  powe r  estimate s fo r 
individua l  cause s i n th e absenc e o f  alternativ e causes .  Sinc e 
i n Phas e 2  o f  th e blockin g desig n th e ne w redundan t  caus e 
i s neve r  presente d i n th e absenc e o f  th e caus e establishe d 
withi n Phas e 1 ,  n o causa l  powe r  estimat e ca n b e obtaine d 
fo r  thi s redundan t  cause .  Thu s w e ca n expec t  participant s t o 
be uncertai n abou t  th e causa l  impac t  o f  thi s  cue ,  an d expres s 
thi s uncertaint y i n lowere d ratings .  B y contrast ,  i n th e diag -
nosti c conditio n a  c o m m o n caus e mode l  i s assumed ;  th e 
causa l  powe r  o f  eac h effec t  ca n b e assesse d withou t  havin g 
t o hol d constan t  collatera l  effects .  Thus ,  bot h effec t  cue s 
shoul d yiel d simila r  rating s (i.e. ,  absenc e o f  blocking) . 

Asymmetries of Base Rate Use 

I n th e las t  fe w years ,  a  numbe r  o f  psychologist s hav e show n 
tha t  sensitivit y t o bas e rat e informatio n ca n b e obtaine d 
when frequenc y informatio n i s given  a s learnin g inpu t  (e.g. , 
Cosmide s &  Tooby ,  1996) .  Althoug h ou r  mode l  i s restricte d 
t o frequenc y data ,  i t  predict s interestin g asymmetrie s i n th e 
use o f  bas e rates .  Wherea s th e predictiv e integratio n sche -
mas (e.g. ,  noisy-o r  schema )  d o no t  contai n term s fo r  th e 
bas e rate s o f  th e causes ,  th e diagnosti c schema s (e.g. ,  com -
m on caus e schema )  integrat e causa l  powe r  estimate s wit h 
bas e rat e information . 

Wa ldmann an d Reip s (i n preparation )  hav e teste d thi s as -
sumption .  I n a  numbe r  o f  experiments ,  participant s learne d 
abou t  identica l  causa l  structure s wit h varyin g causa l  bas e 
rate s i n eithe r  th e cause-effec t  o r  th e effect-caus e direction . 
Subsequen t  t o th e learnin g phas e al l  participant s ha d t o giv e 
diagnosti c judgments .  I n lin e wit h th e model' s predictions , 
participant s use d bas e rat e informatio n whe n prio r  learnin g 
was diagnosti c bu t  tende d t o ignor e bas e rate s whe n i t  wa s 
predictiv e (se e als o Waldmann ,  1996) . 

Linearly Separable Versus Nonlinearly Separable 
Categor y Structure s 

Waldmann ,  Holyoak ,  an d Fratianne' s (1995 )  experiment s 
on categor y learnin g provid e a  furthe r  tes t  cas e fo r  th e 
model .  Thes e experiment s showe d tha t  th e relativ e difficult y 
of  linearl y separabl e an d nonlinearl y separabl e categor y 
structure s interact s wit h th e causa l  rol e o f  th e learnin g cues . 
Tabl e 1  show s tw o o f  th e categor y structure s investigated . 
Th e learnin g exemplar s embod y thre e binar y dimension s 
tha t  indicat e eithe r  hig h intensit y (H )  o r  lo w intensit y (L ) 
values .  Fo r  example ,  i n Experiment s 4  an d 5  participant s 
receive d picture s o f  a  ston e surrounde d b y thre e colore d iro n 
compounds .  Th e orientatio n o f  th e compound s specifie d th e 
value s o f  th e dimensions :  Eithe r  th e end s o f  th e compound s 
pointe d t o th e ston e (H )  o r  thei r  side s face d th e ston e (L) . 
Thus ,  cas e 1  ( H H H )  i n Tabl e 1  represent s a  pictur e i n whic h 
th e thre e compound s poin t  t o th e stone . 

T wo categor y structure s wer e compared .  I n th e linearl y 
separabl e arrangemen t  (LS) ,  hig h value s ar e mor e typica l 
fo r  categor y A  an d lo w value s fo r  categor y B .  Withi n cate -
gor y A ,  a t  leas t  tw o ou t  o f  thre e dimension s ha d hig h val -
ues .  B y conu-ast ,  i n th e nonlinearl y separabl e arrangemen t 
(NLS) ,  neithe r  hig h no r  lo w value s wer e typica l  fo r  th e tw o 
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categorie s A  an d B .  Thi s structur e ca n onl y b e categorize d 
on th e basi s o f  a  configura l  cue .  Withi n categor y A  th e first 
and th e thir d dimensio n ar e positivel y correlate d ( H H o r 
LL ) ,  wherea s withi n categor y B  the y ar e negativel y corre -
late d (H L o r  L H ) .  Thi s structur e correspond s t o a n X O R 

structur e wit h a n additiona l  irrelevan t  featur e (Dimensio n 

2) . 

Table 1: Structure of item sets (Waldmann et al., 1995) 

Linearl y Separabl e 
Categorie s 

A 

B 

Nonlinearl y 
Separabl e Categorie s 

A 

B 

1. 
2. 
3. 
4. 

5. 
6. 
7. 
8. 

1. 

2. 

3. 
4. 

5. 

6. 

7. 
8. 

Dimension s 
1 2  3 

H H  H 
H H  L 
H L  H 
L H  H 
L L  H 
L H  L 
H L  L 
L L  L 

Dimension s 
1 2  3 

H H  H 
H L  H 
L H  L 
L L  L 
H H  L 
H L  L 
L H  H 
L L  H 

I n th e experiments ,  th e facto r  categor y structur e (L S vs . 
N L S)  wa s crosse d wit h a  secon d facto r  i n whic h th e causa l 
interpretatio n o f  th e cue s wa s manipulate d b y mean s o f 
initia l  instructions .  I n th e predictiv e learnin g condition , 
participant s wer e tol d th e thre e compound s wer e potentia l 
causes :  The y emi t  eithe r  hig h (H )  o r  lo w (L )  intensit y mag -
neti c wave s whic h ma y caus e som e stone s t o becom e mag -
netic .  Th e tas k wa s t o decid e whethe r  th e stone s i n th e pic -
ture s wer e magnet s (categor y A )  o r  wer e no t  (categor y B) . 
Thu s i n thi s conditio n a  c o m m o n effec t  mode l  wa s in -
structed .  I n th e diagnosti c learnin g conditio n a  c o m m o n 
caus e structur e wa s suggeste d t o th e participants ;  the y wer e 
instructe d tha t  som e o f  th e stone s potentiall y  emi t  magneti c 
waves whic h ma y affec t  th e orientatio n o f  th e compounds . 
The orientatio n ma y indicat e eithe r  a  stron g (H )  o r  a  wea k 
(L )  effect .  I n bot h condition s th e orientatio n o f  th e com -
pound s serve d a s cues ,  th e onl y differenc e wa s whethe r  th e 
cue s wer e interprete d a s cause s o r  a s effects . 

The experiment s yielde d a  numbe r  o f  findings  tha t  ca n b e 
explaine d b y ou r  mode l  (se e Waldman n e t  al. ,  1995) .  On e 
genera l  finding  wa s tha t  i n th e predictiv e learnin g conditio n 
th e L S categor y structur e wa s easie r  t o lear n tha n th e N L S 
structure .  Thi s finding  i s i n lin e wit h th e assumptio n inher -
ent  i n th e mode l  tha t  learner s sequentiall y  activat e integra -
tio n schema s tha t  ar e ordere d o n th e basi s o f  complexity .  A s 
th e mode l  start s wit h a  noisy-o r  schema ,  i t  fail s  initiall y 
wit h bot h categor y structures .  However ,  th e nex t  schem a 
(An d schema )  include s additiona l  term s fo r  paire d cues . 

Thi s schem a pick s u p th e two-out-of-thre e rul e embodie d i n 

th e L S structur e bu t  i s unabl e t o captur e th e mor e comple x 
X OR interactio n i n th e N L S structure . 

The findings  i n diagnosti c learnin g condition s ar e mor e 
complex .  I n Experimen t  5  (Waldman n e t  al. ,  1995) ,  partici -
pant s learne d tha t  th e exemplar s i n categor y A  wer e cause d 

by th e presenc e o f  a  magnet ,  wherea s th e stone s i n categor y 
B wer e no t  magnetic .  Thi s instructio n yielde d a  clea r  learn -
in g advantag e fo r  th e L S structure .  Fa r  les s error s wer e 
committe d whe n participant s learne d th e L S structur e tha n 
when the y learne d th e N L S structure .  However ,  whe n th e 
instruction s wer e slightl y modifie d th e opposit e effec t  wa s 
observed .  I n Experimen t  4  participant s wer e tol d tha t  ther e 
ar e tw o type s o f  magnets ,  stron g an d weak .  A s i n Experi -
ment  5 ,  participant s onl y ha d t o decid e whethe r  ther e wa s a 
magnet  (categor y A )  o r  no t  (categor y B) .  N o feedbac k wa s 
give n abou t  th e strengt h o f  th e magnet .  Thus ,  apar t  from  th e 
instructiona l  difference ,  th e procedur e wa s identica l  i n th e 
tw o experiments .  Nevertheless ,  th e N L S structur e prove d 
easie r  t o lear n tha n th e L S structur e i n Experimen t  4 ,  i n 
whic h th e variabilit y  o f  th e strengt h o f  th e magnet s wa s 
pointe d out .  H o w ca n thi s reversa l  b e explaine d b y th e 
model ? 

For  Experimen t  5 ,  th e mode l  firs t  set s u p a  c o m m o n caus e 
model ,  whic h i s base d o n th e initia l  instruction s (Ste p 1 )  an d 
specifie s ho w causa l  powe r  i s assesse d (Ste p 2) .  O n th e 
basi s o f  frequency  input ,  update d afte r  eac h learnin g trial , 
th e causa l  powe r  betwee n th e presenc e an d absenc e o f  th e 
caus e (categor y A  vs .  B )  an d eac h o f  th e thre e effect s wil l 
be estimate d b y calculatin g th e conditiona l  probabilit y  o f 
th e state s o f  th e effect s ( H vs .  L ) ,  give n th e tw o categories . 
For  example ,  P(e^=}i\c )  expresse s th e probabilit y  o f  th e first 
dimensio n havin g a  hig h intensit y valu e i n th e presenc e o f  a 
magnet .  I n th e L S condition ,  th e mode l  wil l  eventuall y lear n 
tha t  th e probabilit y  o f  eac h effec t  havin g a  hig h valu e i s 
0.7 5 withi n categor y A  an d 0.2 5 withi n categor y B .  Th e 
probabilitie s o f  a  lo w valu e ar e th e complements .  B y con -
trast ,  i n th e N L S conditio n thes e estimate s wil l  b e 0. 5 fo r 
bot h categories .  T o obtai n categorizatio n judgment s th e 
power  estimate s wil l  b e plugge d int o a  c o m m o n caus e 
schema (se e Equatio n 2 )  fo r  thre e effects .  Usin g thi s 
schema,  th e probabilit y  o f  th e presenc e (categor y A )  o r 
absenc e (categor y B )  o f  th e caus e wil l  b e compared .  Fo r 
example ,  give n a n H H H patter n (cas e 1 )  th e probabilit y  o f 
categor y A  i s th e produc t  o f  th e thre e powe r  estimate s o f  th e 
thre e effect s (0.75' )  multiplie d b y th e bas e rat e (0.5 )  an d th e 
normalizin g constan t  (identica l  fo r  bot h categories) .  Th e 
fac t  tha t  th e probabilit y  o f  categor y A  i s highe r  tha n tha t  o f 
categor y B  wil l  lea d t o th e correc t  decisio n tha t  thi s cas e 
belong s t o categor y A .  Applyin g thi s schem a t o th e othe r 
learnin g exemplar s als o lead s t o correc t  categorizations .  B y 
contrast ,  applyin g thi s procedur e t o th e N L S structur e wil l 
not  b e successful .  Give n tha t  eac h effec t  i s  equall y associ -
ate d wit h bot h categories ,  n o reliabl e categorizatio n ca n b e 
achieved .  Th e onl y solutio n i s t o modif y th e initia l  mode l 
(Ste p 4) ,  whic h wil l  tak e tim e relativ e t o th e L S condition . 

To mode l  th e result s o f  Experimen t  4 ,  th e additiona l  as -
sumptio n ha s t o b e mad e tha t  participant s ente r  th e tas k wit h 
prio r  knowledg e tha t  stron g magnet s ten d t o produc e hig h 
intensit y value s wherea s wea k magnet s ar e mor e likel y t o 
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caus e lo w values .  Th e mode l  agai n approache s th e tas k 
usin g a  conuno n caus e mode l  (Ste p 1) .  However ,  base d o n 
th e instructions ,  th e mode l  ha s t o expres s th e fac t  tha t  th e 
caus e (categor y A )  ca n b e stron g o r  weak .  I t  i s  therefor e 
necessar y t o obtai n causa l  powe r  estimate s fo r  thre e causa l 
events ,  th e caus e bein g strong ,  th e caus e bein g wea k (e.g. , 
P(e,=Hlc=weak) ,  an d absenc e o f  th e caus e (categor y B) . 
Sinc e n o feedbac k i s give n abou t  th e strengt h o f  th e cause , 
th e participant s hav e t o infe r  th e probabl e stat e o f  th e caus e 
by themselves .  Thi s ca n b e achieve d o n th e basi s o f  prio r 
assumption s abou t  a  positiv e correlatio n betwee n th e stat e 
of  th e caus e an d th e stat e o f  th e effects ,  whic h ca n b e im -
plemente d b y havin g th e learnin g proces s star t  wit h a  prese t 
dat a bas e tha t  embodie s thes e correlations .  Thes e assump -
tion s will ,  fo r  example ,  lea d t o th e decisio n tha t  th e H H H 
case i n th e NL S structur e i s probabl y cause d b y a  stron g 
cause .  Th e feedbac k confirm s tha t  thi s cas e indee d belong s 
to categor y A .  Therefore ,  th e causa l  powe r  estimat e fo r  th e 
stron g valu e o f  th e caus e wil l  b e updated .  Similarly ,  a n LL L 
case wil l  lea d t o a n updatin g o f  th e wea k valu e o f  th e cause . 
Due t o th e outlyin g valu e o f  th e middl e dimension ,  th e othe r 
two case s withi n categor y A  (e.g. ,  HLH )  wil l  initiall y  lea d 
t o incorrec t  categor y B  decision s (th e mode l  doe s no t  kno w 
yet  tha t  Dimensio n 2  i s irrelevant) .  However ,  th e learnin g 
feedbac k reassign s thes e tw o case s t o categor y A .  No w a 
decisio n ha s t o b e mad e betwee n a  stron g an d a  wea k cause , 
whic h i n th e H L H cas e lead s t o a n updat e o f  th e powe r 
estimat e fo r  th e stron g cause ,  an d i n th e LH L cas e t o a n 
updat e fo r  th e wea k cause .  Eventuall y th e mode l  wil l  lear n 
tha t  th e probabilit y  o f  hig h intensit y value s o f  th e relevan t 
effect s (Dimension s 1 ,  3 )  i s  1  whe n th e caus e i s stron g an d 0 
when i t  i s weak ,  o r  vic e vers a whe n th e caus e i s weak .  Di -
mensio n 2  wil l  lea d t o estimate s o f  0. 5 wit h eithe r  stat e o f 
th e cause .  Furthermore ,  th e probabilitie s o f  th e value s o f  al l 
thre e effect s ar e uniforml y 0. 5 withi n categor y B .  Usin g 
thes e powe r  estimate s th e mode l  i s abl e t o correctl y classif y 
th e eigh t  case s o f  th e NL S arrangement .  Th e mode l  classi -
fies  a  cas e int o categor y A  whe n eithe r  a  stron g o r  a  wea k 
caus e i s inferred ;  otherwis e th e cas e wil l  b e assigne d t o 
categor y B .  Wit h th e powe r  estimate s generate d i n Ste p 2 
(an d 0.2 5 a s th e bas e rat e estimate s fo r  th e tw o state s o f  th e 
cause )  th e probabilit y  o f  categor y B  wil l  alway s b e lowe r 
tha n tha t  o f  categor y A  fo r  case s 1  t o 4 .  B y contrast ,  case s 5 
t o 8  wil l  b e correcd y assigne d t o categor y B . 

Usin g th e initia l  assumption s outline d above ,  th e mode l 
wil l  mak e mor e error s wit h th e L S structur e tha n wit h th e 
NLS one .  Again ,  th e mode l  wil l  initiall y  assig n th e LL L 
case t o categor y A  (wea k state) ,  althoug h thi s i s th e wron g 
decisio n i n thi s condition .  Excep t  fo r  th e correctl y classifie d 
H HH case ,  th e othe r  case s withi n categor y A  wil l  creat e 
problems .  The y wil l  b e wrongl y assigne d t o categor y B . 
Afte r  feedbac k the y wil l  b e reassigned .  However ,  sinc e 
thes e exemplar s hav e mor e H  tha n L  values ,  onl y th e powe r 
estimat e fo r  th e stron g varian t  o f  th e caus e wil l  b e updated . 
Eventuall y thi s wil l  lea d t o a  fadin g ou t  o f  th e hypothesi s 
tha t  th e caus e migh t  als o b e weak ,  becaus e th e constan t 
updatin g o f  onl y on e valu e o f  th e caus e wil l  boos t  th e bas e 
rat e estimat e fo r  thi s valu e a t  th e expens e o f  th e alternativ e 
value .  A t  th e asymptot e th e mode l  wil l  hav e learne d tha t 
ther e i s n o wea k cause ,  bu t  thi s wil l  tak e time . 

Discussio n 

Causal  learnin g i s typicall y confronte d wit h a  larg e dat a 
base o f  potentiall y  relevan t  statistica l  relations .  On e wa y o f 
dealin g wit h thi s complexit y i s  t o us e prio r  knowledg e abou t 
mechanism s (se e Koslowski ,  1996) .  However ,  whe n n o 
prio r  knowledg e i s availabl e othe r  type s o f  solution s hav e t o 
be used .  Ou r  Bayesia n networ k mode l  belong s t o a  fairl y 
recen t  clas s o f  theorie s tha t  invoke s mor e abstrac t  type s o f 
structura l  knowledge .  W e assum e tha t  learner s star t  wit h 
initia l  assumption s abou t  th e causa l  structur e o f  th e learnin g 
domain .  Thes e model s guid e th e estimatio n o f  causa l  powe r 
on th e basi s o f  frequenc y information ,  an d the y sugges t 
integratio n rule s fo r  predictio n an d diagnosis .  I n thi s way , 
causa l  model s effectivel y reduc e th e potentia l  computationa l 
complexit y inheren t  i n eve n relativel y simpl e causa l  learn -
in g tasks . 
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