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Abstrac t 

This study describes a psychological experiment on 

biase s tha t  peopl e exhibi t  i n refinin g probabilisti c  causa l 

knowledge .  I n th e experiment ,  th e effec t  o f  backgroun d 

knowledg e wa s show n b y manipulatin g th e causa l 

structur e o f  prio r  knowledg e provide d t o th e subjects .  I t 

was foun d tha t  late r  trainin g instance s affecte d th e 

refinemen t  o f  th e backgroun d knowledg e i n differen t 

ways dependin g o n th e causa l  mode l  initiall y  give n t o th e 

subjects .  Th e tw o biase s foun d i n th e curren t  experimen t 

ar e (1 )  knowledg e refinemen t  wa s conservativ e i n th e 

sens e tha t  backgroun d knowledg e wa s modifie d a s littl e 

as possibl e t o accoun t  fo r  th e observe d dat a an d (2 ) 

weakenin g o f  a n existin g causa l  relationshi p resulte d i n 

automati c strengthenin g o f  a  relate d causa l  relationship . 

Introductio n 

How do people revise their existing knowledge given new 

observation s tha t  d o no t  clearl y fit  wit h thei r  initia l 

knowledge ? I n mos t  natura l  situations ,  a t  leas t  som e prio r 

knowledg e o f  relevan t  causa l  mechanism s i s  availabl e t o 

explai n externa l  stimuli .  I n certai n cases ,  som e relevan t  causa l 

knowledg e i s availabl e bu t  ne w causa l  relationship s ma y nee d 

t o b e inferre d i n orde r  t o full y  accoun t  fo r  th e observe d data . 

The curren t  stud y investigate s th e specifi c  natur e o f 

knowledg e refinemen t  a s a  learne r  acquire s ne w trainin g 

instance s tha t  canno t  b e full y explaine d b y existin g 

knowledge . 

Need for psychological studies on biases in 

knowledg e refinemen t 

Research in both machine learning and psychology has 
reveale d th e importan t  rol e tha t  prio r  knowledg e play s i n 

learning .  Psychologica l  researc h ha s demonstrate d tha t 

subjects '  learnin g i s greatl y affecte d b y thei r  naiv e theorie s 

and existin g domai n knowledg e (Murph y &  Medin ,  1985 ; 

Ahn,  Brewer ,  &  Mooney ,  1992 ;  Pazzani ,  1991) .  Dependin g o n 

th e presenc e o r  absenc e o f  relevan t  backgroun d knowledge , 

subject s lear n differen t  concept s fro m th e sam e example s 

(Wisniewski ,  1989) .  Meanwhile ,  machin e learnin g 

researc h ha s develope d algorithm s tha t  lear n mor e accurat e 

concept s from  fewe r  example s whe n give n relevan t 

backgroun d knowledg e i n th e for m o f  a n approximat e 

domai n theor y (Mooney ,  1993 ;  Pazzani ,  1991 ;  Pazzan i  & 

Kibler ,  1992 ;  Towell ,  Shavlik ,  &  Noordewier ,  1990) . 

Althoug h thes e studie s hav e clearl y demonstrate d tha t 

prio r  knowledg e greatl y affect s huma n learning ,  mos t  o f 

thi s researc h hav e ignore d ho w prio r  knowledg e i s 

modifie d b y experience .  Fo r  example ,  Pazzan i  (1991 ) 

presente d empirica l  result s o n ho w prio r  causa l  knowledg e 

influence d categorizatio n an d als o develope d a 

computationa l  mode l  o f  thi s process ;  however ,  h e di d no t 

addres s th e issu e o f  ho w existin g causa l  knowledg e itsel f 

i s affecte d b y conflictin g data . 

Nonetheless ,  theorie s concernin g biase s o f  knowledg e 

revisio n ar e i n grea t  deman d i n knowledg e engineering .  I t 

i s  generall y agree d tha t  th e primar y difficult y wit h 

developin g robus t  knowledge-base d system s i s th e 

knowledg e acquisitio n bottlenec k (i.e. ,  th e complexit y o f 

extractin g an d encodin g th e domai n knowledg e neede d t o 

perfor m th e task) .  Knowledge-base d system s ar e typicall y 

develope d b y first  interviewin g a n exper t  i n orde r  t o obtai n 

an initia l  se t  o f  rules .  Next ,  th e knowledg e bas e i s 

incrementall y improve d i n a  laboriou s proces s referre d t o 

as knowledge-bas e refinement .  Typically ,  a  se t  o f  sampl e 

problem s i s use d t o detec t  error s i n th e knowledg e bas e 

and correction s ar e determine d durin g a  time-consumin g 

consultatio n wit h th e expert .  Recen t  researc h i n theor y 

refinemen t  attempt s t o automat e th e laboriou s proces s o f 

knowledg e refinemen t  b y usin g variou s machin e learnin g 

technique s t o automaticall y revis e a n existing ,  approximat e 

knowledg e bas e t o fit  a  se t  o f  empirica l  dat a (Ginsberg , 

Weiss ,  &  Politakis ,  1988 ;  Oursto n &  Mooney ,  1990 ; 

Towel l  e t  al. ,  1990 ;  Koppel ,  Feldman ,  &  Segre ,  1994) . 

The curren t  stud y provide s initia l  dat a revealin g 

importan t  biase s tha t  human s displa y i n revisin g thei r 

existin g knowledge .  Specifically ,  i t  focuse s o n th e revisio n 

of  probabilisti c  causa l  knowledge ,  i n whic h underlyin g 

cause s (e.g .  diseases )  probabilisticall y manifes t  certai n 

effect s (e.g .  symptoms) .  Suc h knowledg e ca n b e formall y 

represente d a s a  Bayesia n networ k (Pearl ,  1988) .  Th e 

questio n i s ho w th e strengt h o f  existin g causa l 

relationship s an d th e additio n o f  ne w causa l  link s ar e 
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affecte d b y ne w evidenc e tha t  i s no t  full y  consisten t  wit h 
existin g causa l  knowledge . 

Main Claim 

Our  general predictions are that changes are conservative (i.e., 
backgroun d knowledg e i s modifie d a s littl e a s possibl e t o 
accoun t  fo r  th e observe d data )  an d tha t  change s i n th e 
strength s o f  know n causa l  link s ar e preferre d t o inferrin g ne w 
causa l  connections .  Therefore ,  a s lon g a s existin g knowledg e 
i s consisten t  wit h th e observe d data ,  a  ne w piec e o f  causa l 
knowledg e wil l  no t  b e acquire d eve n i f  thi s ne w causa l 
explanatio n woul d b e mor e parsimonious . 

Ahn,  Kalish ,  Medin ,  an d Gelma n (1995 )  hav e als o 
demonstrate d a  simila r  poin t  usin g a n information-seekin g 
paradig m i n causa l  reasoning .  I n thi s study ,  subject s receive d 
even t  description s an d wer e instructe d t o as k question s i n 
orde r  t o explai n th e events .  Th e subject s tende d t o see k ou t 
informatio n tha t  woul d provid e evidenc e fo r  o r  agains t 
hypothese s abou t  underlyin g mechanism s wit h whic h the y 
wer e alread y familiar .  I n contrast ,  previou s psychologica l 
model s o n causa l  attribution s hav e emphasize d tha t  th e mos t 
critica l  an d necessar y informatio n i n causa l  attribution s i s 
informatio n abou t  covariatio n betwee n candidat e cause s an d 
effect s (e.g. ,  Chen g &  Novick ,  1992 ;  Kelley ,  1967 ,  1971) . 
Thes e model s tende d t o focu s o n th e bottom-u p processe s o f 
acquirin g nove l  causa l  relationship s rathe r  tha n o n th e 
top-dow n processe s o f  utilizin g existin g causa l  knowledge . 
However ,  Ah n et .  al' s  result s showe d tha t  peopl e di d no t  see k 
out  a  nove l  causa l  relationshi p betwee n arbitrar y factor s b y 
relyin g solel y o n covariatio n information .  Rather ,  peopl e 
attempte d t o see k ou t  evidenc e fo r  causa l  mechanism s wit h 
whic h the y wer e alread y familiar ,  a  resul t  whic h support s th e 
ide a tha t  peopl e ar e conservativ e i n learnin g ne w causa l 
relationships . 

Experiment 

The current experiment investigates under what conditions 
peopl e ad d ne w causa l  connection s t o prio r  domai n knowledg e 
as oppose d t o modifyin g th e strengt h o f  existin g 
connections . 

Methods 

Subjects received background knowledge in the form of one 
of  thre e causa l  model s a s show n i n Figur e I .  I n thes e models , 
A,  B ,  C  and/o r  D  ar e symptom s cause d b y tw o ne w diseases , 
X an d Y .  I n al l  o f  th e conditions ,  subject s wer e tol d tha t 
diseas e X  cause d symptom s A  an d B  7 0 % o f  th e tim e 
(indicate d b y soli d arro w line s i n th e figure )  an d sympto m C 
2 0 % o f  th e tim e (indicate d b y dotte d arro w line s i n th e figure) 
and tha t  diseas e Y  cause d symptom s B  an d C  7 0 % o f  th e tim e 
and sympto m A  2 0 % o f  th e time .  Th e differenc e betwee n th e 

thre e causa l  structure s lie s i n th e causa l  relationshi p 
betwee n sympto m D  an d th e diseases .  I n th e indirect-caus e 
condition ,  sympto m D  wa s cause d b y sympto m B ,  an d 
therefor e als o indirectl y cause d b y disease s X  an d Y ;  i n th e 
direct-caus e condition ,  sympto m D  wa s cause d directl y b y 
disease s X  an d Y ;  an d i n th e no-caus e condition ,  ther e wa s 
no know n caus e fo r  D .  Finally ,  th e subject s wer e tol d tha t 
bot h disease s wer e equall y likel y t o occu r  a  priori . 

Afte r  learnin g thes e causa l  structures ,  th e subject s 
judge d th e likelihoo d o f  variou s an d i n th e no-caus e factor s 
give n variou s configuration s o f  othe r  factors .  Ther e wer e 
si x tes t  items ;  P(X|B) ,  P(Y|B) ,  P(X| B an d n o D) ,  P(Y| B an d 
no D ) ,  P(X|A) ,  an d P(Y|C) .  Fo r  example ,  fo r  P(X|B) ,  th e 
subject s wer e asked ,  "Wha t  i s  th e probabilit y  tha t  a  perso n 
who exhibit s sympto m B  ha s diseas e X ? %" 

X Y 

Indirect Cause Condition 

Direct-Caus e Conditio n 

X Y 

No Caus e Conditio n 

- < 7 0 % causa l  relationshi p 
^  2 0 % causa l  relationshi p 

Figur e 1 .  Causa l  model s use d i n eac h conditio n 
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Then ,  subject s i n al l  condition s receive d informatio n o n 

a se t  o f  trainin g case s whic h wer e describe d a s dat a gathere d 

afterwards .  Thes e trainin g case s wer e constructe d i n suc h a 

way tha t  sympto m D  wa s mor e associate d wit h diseas e X  tha n 

wit h diseas e Y .  Th e actua l  descriptio n o f  th e trainin g case s 

was; 

70% of patients with symptom D had disease X; 30% 

had diseas e Y . 

7 5 % o f  patient s wit h symptom s D  an d B  ha d diseas e X ;  2 5 % 

had diseas e Y . 

6 0 % o f  patient s wit h symptom s D  an d C  ha d diseas e X ;  4 0 % 
had diseas e Y . 

2 0 % o f  patient s wit h sympto m C  bu t  no t  D  ha d diseas e X , 

8 0 % ha d diseas e Y . 

After that, the subjects judged the likelihood of the test 

item s again .  Whil e makin g 

thes e judgments ,  th e subject s wer e provide d wit h th e figur e o f 

th e initia l  causa l  structur e an d th e descriptio n o f  th e ne w 

trainin g cases .  Therefore ,  i n makin g al l  thes e judgments ,  ther e 
was n o deman d o n memory . 

Prediction 

caus e conditio n woul d no t  construc t  a  ne w causa l  lin k bet v 

X an d D  becaus e D  coul d ah-ead y b e explaine d a s a n ind i 

effec t  o f  X  throug h B .  O n th e othe r  hand ,  subject s i n 

no-caus e conditio n woul d infe r  a  ne w direc t  causa l  conne c 

betwee n X  an d D  i n orde r  t o accoun t  fo r  th e data .  ' 

differenc e woul d b e reflecte d i n th e increas e i n th e estima t 

P(X|D ,  no t  B ) ;  Mo r e specifically ,  th e increas e shoul d b e 

i n th e indirect-caus e conditio n tha n th e no-caus e condi t 

sinc e th e absenc e o f  B  woul d indicat e tha t  D  di d no t  c c 

abou t  a s a  side-effec t  o f  X  causin g B ;  wherea s th e absenc i 

B woul d no t  affec t  a  direc t  connectio n betwee n X  an d D 

th e no-caus e condition . 

As i n th e indirect-caus e condition ,  th e subject s i n 

direc t  conditio n woul d no t  nee d t o construc t  a  ne w 1 

betwee n X  an d D  becaus e thi s relationshi p i s ake , 

explaine d b y th e existin g causa l  link .  Therefore ,  th e incr e 

i n th e estimat e o f  P(X|D ,  no t  B )  shoul d b e simila r  i n 

indirect-caus e an d th e direct-caus e condition .  I n additio n 

th e no-caus e conditio n ha d acquire d a  direc t  causa l  1 

betwee n X  an d D  throug h th e trainin g instances ,  thei r  sec c 

ratin g o n P(X|D ,  no t  B )  shoul d b e simila r  t o th e secon d ra t 

of  th e direct-caus e condition .  A s a  result ,  th e direct-ca i 

conditio n serve s a s a  baselin e grou p fo r  th e othe r  t 

conditions . 

The basi c predictio n wa s tha t  subject s i n th e indirect -

Tabl e 1 .  Result s o f  th e No-caus e conditio n 

Test ! 

Test 2 

Test l  -  Test 2 

P(X|B ) 

55. 3 

65. 0 

9. 7 

P(Y|B ) 

55. 3 

42. 4 

-12. 9 

P(X|D,noB ) 

19. 4 

58. 5 

39. 1 

P(Y|D,noB ) 

19. 4 

37. 9 

18. 5 

P(X|A ) 

62. 4 

61. 2 

-1.1 8 

P(Y|C ) 

60. 6 

65. 6 

5. 0 

Tabl e 2 .  Result s o f  th e Indirect-caus e conditio n 

Test l 

Test 2 

Test l  Test 2 

P(X|B ) 

57. 4 

68. 4 

11. 1 

P(Y|B ) 

55. 0 

41. 4 

-13. 7 

P(X|D,noB ) 

37. 9 

41. 9 

3. 9 

P(Y|D,noB ) 

33. 2 

29. 4 

-3. 8 

P(X|A ) 

64. 7 

70. 0 

5. 3 

P(Y|C ) 

65. 3 

59. 1 

-6. 2 
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Tabl e 3 .  Result s o f  th e Direct-caus e conditio n 

Tes t  I 

Test 2 

Test l  -Test 2 

P(X|B ) 

57. 7 

58. 2 

0. 5 

P(Y|B ) 

53. 5 

42. 9 

-10. 5 

P(X|D,noB ) 

45. 8 

53. 7 

7. 9 

P(Y|D,noB ) 

44. 6 

36. 9 

-7. 7 

P(X|A ) 

65. 0 

58. 8 

-6. 2 

P(Y|C ) 

50. 2 

71. 2 

20.9 2 

Resu l t s a n d D iscuss io n 

Table s 1- 3 summariz e th e results .  Eac h tabl e show s mea n 

probabilit y  judgment s b y eac h condition .  I n eac h condition , 

th e secon d ro w indicate s mea n rating s o n th e 

first  test ,  th e thir d ro w indicate s th e mea n rating s o n th e 

secon d tes t  afte r  th e trainin g instances ,  an d th e fourt h ro w 

indicate s th e difference s betwee n th e secon d an d th e first 

tests . 

For  eac h tes t  item ,  a n A N O V A wa s conducte d wit h th e 

conditio n a s a  between-subjec t  variabl e an d th e tw o test s a s a 

within-subjec t  variable .  Th e focu s o f  th e curren t  stud y i s th e 

interactio n betwee n th e increas e o f  th e probabilit y  estimate s 

and th e thre e conditions ;  tha t  is ,  doe s th e increas e o r  decreas e 

of  th e causa l  strengt h change s a s a  functio n o f  existin g causa l 

knowledge ? Onl y thre e ou t  o f  th e su e tes t  item s resulte d i n a 

reliabl e interactio n effec t  a t  p  <  .05 ;  P(X|D ,  no t  B ) ,  P(Y|D ,  no t 

B ) ,  an d P(Y|C) .  Th e followin g figures  illustrat e th e directio n 

of  th e interactio n effec t  o n thes e thre e items . 

As ca n b e inferre d fro m th e figures,  th e indirect-caus e 

and th e direct-caus e conditio n di d no t  significantl y increas e o r 

decreas e thei r  estimate s fo r  P(X|D ,  n o B )  an d P(Y|D ,  n o B ) , 

wherea s th e no-caus e conditio n significantl y increase d thei r 

estimates .  Also ,  prio r  t o training ,  th e estimat e fo r  P(X|D ,  n o 

B)  i n th e no-caus e conditio n i s  significantl y les s tha n th e 

indirect-caus e condition ,  wherea s afte r  trainin g i t  i s 

significantl y greate r  tha n th e indirect-caus e condition .  Thes e 

result s indicat e tha t  onl y th e no-caus e conditio n establishe d a 

n e w causa l  lin k betwee n X  an d D  an d a  somewha t  weak , 

direc t  lin k betwee n Y  an d D .  Althoug h th e subject s i n th e 

indirect-caus e conditio n coul d hav e establishe d a  ne w causa l 

lin k betwee n X  an d D  base d o n th e sam e trainin g instances , 

the y presumabl y applie d thei r  existin g knowledg e t o accoun t 

fo r  th e associatio n betwee n X  an d D  (i.e. ,  X  cause s B  an d 

therefor e cause s D ) .  Becaus e o f  thi s interpretatio n o f  th e 

associatio n betwee n X  an d D ,  i t  mattere d m u c h mor e fo r  th e 

indirect-caus e conditio n no t  t o hav e sympto m B  compare d t o 

th e no-caus e condition ,  sinc e B' s absenc e block s th e know n 

causa l  pat h betwee n X  an d D . 

Anothe r  interestin g bu t  unexpecte d resul t  cam e fro m 

th e change s i n th e estimat e o f  P(Y|C) .  Th e direct-caus e 

condition' s estimat e significantl y increase d afte r  th e trainin g 

instance s compare d t o th e othe r  conditions .  Thi s i s a n 

mean% 
estimat e 

70 

60 

P(X|D ,  n o B ) 

50 -

40 

30 

20 

Firs t Secon d 

mean % 
estimat e 

70 

mean % 
estimat e 

70 

60-

50 

40 

30 

20 

P(Y|D ,  n o B ) 

• 

y ^ 

Firs t Secon d 

P(Y|C ) 
Direct-Caus e 

60 

50 

40 -

30 

20 

'  « ^  * _ _ « Indirect-Caus e 

% m No-Cause 

Firs t Secon d 

Figur e 2 .  Result s fro m th e thre e condition s 
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unexpecte d findin g becaus e a s fa r  a s th e lin k betwee n diseas e 

Y an d sympto m C  i s concerned ,  al l  thre e condition s wer e 

initiall y  th e sam e an d the y al l  receive d exactl y th e sam e 

trainin g instances . 

Our  interpretatio n i s a s follows :  Not e tha t  i n th e trainin g 

instances ,  th e associatio n betwee n sympto m D  an d diseas e Y 

i s somewha t  weakene d wherea s th e associatio n betwee n 

sympto m C  an d diseas e Y  i s somewha t  strengthened .  I n th e 

direct-caus e condition ,  whic h i s th e onl y conditio n w h o 

starte d ou t  wit h a  direc t  lin k betwee n Y  an d D ,  thi s causa l  lin k 

must  hav e bee n weakene d b y th e trainin g instances .  Then ,  thi s 

weakene d lin k migh t  hav e actuall y increase d diagnosti c 

value s o f  othe r  symptoms .  I n othe r  words ,  a s on e sympto m 

became les s diagnosti c o f  diseas e Y ,  th e othe r  sympto m 

automaticall y becam e mor e diagnostic . 

Thi s ne w phenomeno n ca n b e considere d a  convers e o f 

th e "discountin g effect "  o r  "explainin g away "  fo r  th e revisio n 

of  causa l  strengths .  Accordin g t o th e discountin g effec t 

propose d b y Kelley ,  peopl e ten d t o discoun t  a  candidat e caus e 

i f  w e fm d ou t  tha t  on e caus e i s alread y responsibl e fo r  th e 

effect .  Fo r  example ,  i f  Mar y finds  ou t  tha t  he r  brothe r  too k 

her  radi o away ,  sh e migh t  wonde r  whethe r  i t  wa s becaus e hi s 

radi o wa s broke n o r  h e wa s m a d a t  her .  Findin g ou t  tha t  he r 

brother' s radi o wa s actuall y broken ,  sh e i s les s likel y t o 

believ e tha t  he r  radi o wa s take n becaus e h e wa s ma d a t  her .  I n 

Artificia l  Intelligence ,  thi s phenomeno n i s calle d "explainin g 

away"  an d i s computationall y implemente d i n Bayesia n 

network s (Pearl ,  1988) ,  providin g a  normativ e accoun t  o f  thi s 

psychologica l  principle . 

The curren t  result s o n P(Y|C )  i n th e direct-caus e 

conditio n see m th e convers e o f  th e discountin g effect .  Tha t  is , 

initially ,  on e start s ou t  wit h a  belie f  tha t  a  caus e ha s tw o 

effects .  A s on e o f  th e cause s i s weakene d throug h late r 

observations ,  peopl e automaticall y boos t  u p th e strengt h o f 

th e othe r  causa l  relationship .  T o giv e a  mor e real-lif e exampl e 

of  thi s phenomenon ,  suppos e on e initiall y  believe d tha t 

havin g a n extr a X-chromosom e cause d a  perso n t o hav e a 

high-pitche d voic e an d t o b e agreeable .  I f  th e late r 

observation s indicate d tha t  ther e wa s n o geneti c groun d fo r 

bein g agreeable ,  the n havin g a  high-pitche d voic e woul d gai n 

a mor e diagnosti c valu e fo r  th e existenc e o f  a n extr a 

X-chromosome . 

Conclusion 

The current study had demonstrated two interesting biases in 

refinemen t  o f  causa l  backgroun d knowledg e a s a  functio n o f 

it s  initia l  causa l  structur e an d trainin g instances .  First ,  th e 

refinemen t  occurre d i n a  conservativ e manner .  Peopl e woul d 

not  construc t  a  ne w causa l  lin k a s lon g a s thei r  existin g causa l 

knowledg e ca n explai n th e ne w trainin g instance s eve n whe n 

thi s causa l  explanatio n wa s les s direc t  an d parsimonious .  Thi s 

phenomeno n i s consisten t  wit h processe s underlyin g 

stereotyp e formation ;  Eve n i f  ther e ca n b e man y alternativ e 

ways o f  accountin g fo r  one' s behavior ,  peopl e woul d rathe r 

appl y thei r  existin g knowledg e tha n tak e a  ne w perspectiv e 

on th e observatio n an d lear n a  ne w possibl e causa l 

connection .  Second ,  weakenin g a n existin g causa l  strengt h 

migh t  actuall y strengthe n th e causa l  strengt h o f  a n 

alternativ e effect . 

I n th e future ,  w e hop e t o explor e additiona l  biase s tha t 

peopl e exhibi t  whe n revisin g probabilisti c  causa l 

knowledg e b y examinin g th e effec t  o f  differen t  type s o f 

dat a o n a  large r  variet y o f  initia l  causa l  structures .  I n 

additio n t o inferrin g th e revision s subject s mad e t o thei r 

knowledg e base d o n thei r  subsequen t  judgements ,  w e pla n 

t o mor e directl y inquir e int o th e exac t  change s the y mak e 

t o prio r  causa l  knowledg e i n orde r  t o accoun t  fo r 

conflictin g data . 

We als o hop e t o develo p an d tes t  a  computationa l 

model  o f  revisin g probabilisti c  causa l  knowledg e base d o n 

revisin g bot h th e parameter s an d structur e o f  a  Bayesia n 

networ k t o mak e i t  consisten t  wit h a  se t  o f  trainin g data . 

Thi s mode l  wil l  attemp t  t o integrat e method s fo r  revisin g 

existin g causa l  strength s (Schwalb ,  1993 )  wit h method s 

fo r  inducin g ne w causa l  structure s (Coope r  &  Herskovits , 

1992) . 
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