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Abstrac t 

Abduction is the process of constructing a plausible explana-
tio n fo r  a  se t  o f  observations .  I t  i s th e fundamenta l  typ e o f  rea -
sonin g i n man y comple x task s suc h a s scientifi c  discover y an d 
diagnosis .  Thi s pape r  present s a  mental-mode l  theor y o f 
human abductiv e skil l  an d it s acquisitio n i n whic h abductio n i s 
viewe d a s th e sequentia l  comprehensio n an d integratio n o f 
da U int o a  singl e situatio n model .  Comprehensio n an d integra -
tio n ar e accomplishe d usin g satisficin g searc h o f  multipl e 
proble m spaces .  Th e mode l  ha s bee n implemente d i n Soa r  an d 
has bee n teste d b y comparin g it s prediction s t o thos e o f  huma n 
subjects .  Th e experimenta l  result s sho w tha t  th e mode l  ca n 
accoun t  fo r  severa l  importan t  behaviora l  regularities ,  includ -
in g power-la w speed-up ,  bo w th e orde r  o f  dat a presentatio n 
affect s a  response ,  deviatio n o f  response s fro m probabilit y  the -
ory ,  an d bo w th e tas k an d domai n characteristic s affec t  a  per -
son' s response . 

I n t roduc t i o n 

Abduction is the process of determining the best explanation 
fo r  a  se t  o f  observation s (Josephso n &  Josephsc» ,  1994) .  I t  i s 

th e fundamenta l  typ e o f  reasonin g i n m a n y comple x task s 
suc h a s scientifi c  discovo y an d diagnosi s a s wel l  a s every -
day task s lik e stor y comprehensio n an d natura l  languag e 

understanding .  Th e focu s o f  thi s pape r  i s o n b o w peopl e 
solv e multicausa l  abductio n task s an d h o w thei r  skil l 

change s wit h experience .  A  multicausa l  abductio n tas k i s 

one i n whic h th e explanatio n consist s o f  a  conjunctio n o f 
causa l  factors .  Fo r  example ,  th e bes t  explanatio n o f  a 

patient' s symptom s an d tes t  result s migh t  b e a  se t  o f  simulta -
neousl y occurrin g diseases . 

Researc h i n severa l  area s relate d t o abductio n sugges t  tha t 

peopl e emplo y a  numbe r  o f  nonnormativ e heuristic s whe n 
solvin g iH-oblem s involvin g explanations .  Fo r  example , 

when evaluatin g explanation s peopl e ten d t o ignor e bas e 

rate s an d overvalu e confirmin g evidenc e o r  evidenc e tha t  i s 
simila r  i n for m t o th e hypothesi s bein g evaluate d (Tversk y 
and Kahneman ,  1982 ;  Schustac k &  Sternberg ,  1981) .  D o w n -

ing ,  Sternber g an d Ros s (1985 )  foun d tha t  subject s rate d 
multicausa l  explanation s base d o n th e stronges t  unicausa l 

facto r  i n th e explanation ,  modifie d accordin g t o th e represen -

tativenes s o f  th e explanatio n t o th e evidence .  Researc h o n 
belie f  updatin g fro m m a n y domain s reveal s tha t  th e orde r  i n 
whic h dat a i s  processe d ca n affec t  a  person' s belie f  i n a 

hypothesi s (fo r  a  revie w se e Hogart h an d Einhom ,  1992) . 

Hogart h an d E inho m (1992 )  hav e show n tha t  orde r  effect s 

depen d o n tas k characteristic s suc h a s th e complexit y an d 

number  o f  item s bein g processed . 

Severa l  cognitiv e model s o f  variou s subtask s o f  abduc -
tiv e reasonin g hav e bee n proposed ;  however ,  thes e model s 

eithe r  d o no t  offe r  th e detail s neede d t o buil d proces s m o d -

el s fo r  multicausa l  abduction ,  o r  fai l  t o conside r  th e 

sequentia l  natur e o f  th e task .  Researcher s studyin g scira -

tifi c  discovo y hav e presse d tha t  peq>l e reaso n usin g 
coordinate d searc h throug h experimen t  an d hypothesi s 

spaces .  Thi s vie w i s  exemplifie d b y Klah r  an d Dunbar' s 
(1988 )  mode l  o f  Scientifi c  Discovo y a s Dua l  Searc h 

( S D D S)  (se e als o Dunba r  &  Klahr ,  1989) .  Thei r  theor y 
provide s a  genera l  explanatio n fo r  h o w searc h i n th e 
hypothesi s an d experimen t  space s interacts .  S D D S define s 

thre e role s fo r  expoiments—exploring ,  hypothesi s testing , 
an d hypothesi s refinement—an d indicate s h o w thes e role s 

affec t  th e developin g hypothesis .  S D D S ,  however ,  doe s 

not  provid e detaile d model s o f  th e subtask s o f  abduction , 

suc h a s h o w hypothese s ar e generate d o r  h o w evidenc e i s 
integrate d t o selec t  a  hypothesis .  Thus ,  whil e S D D S 
appear s t o describ e h u m a n abductiv e reasonin g a t  a n 
abstrac t  level ,  i t  doe s no t  m a k e detaile d prediction s o f 

h u m an behavior .  T o mor e adequatel y accoun t  fo r  h u m a n 
behavior ,  S D D S mus t  b e extende d t o includ e detail s o f  th e 
proble m space s an d th e searc h processe s fo r  al l  o f  th e sub -
task s o f  abduction . 

As anothe r  example ,  Thagard' s (1989 )  theor y o f  explan -

atcff y coherenc e ( T E C )  c^ture s ou r  intuitiv e concep t  o f 
w hy on e theor y i s  preferre d ove r  another ;  however ,  th e 
theor y largel y ignore s th e sequentia l  natur e o f  abduction . 
Thagar d propose d tha t  peopl e prefe r  theorie s tha t  bes t 

cohere .  T E C an d th e correspondin g proces s mode l  imple -
mentatio n ( E C H O )  defin e coherenc e (an d incdierence )  i n 

tenn s o f  principle s tha t  relat e hypothese s t o othe r  proposi -
tions .  Fo t  example ,  a  hypothesi s cohere s wit h th e dat a tha t 
i t  explain s an d als o wit h analogou s explanations .  H o w -

evCT,  E C H O ignore s th e sequentia l  natur e o f  abductio n 
becaus e i t  assume s tha t  peopl e ca n determin e th e ccAer -

enc e betwee n al l  proposition s (dat a an d explanator y fac -
tors )  i n parallel .  Althoug h thi s migh t  b e possibl e fo r 

problem s involvin g a  smal l  n u m b o '  o f  propositions ,  i t 
seems unlikel y fo r  comple x problem s lik e thos e foun d i n 

diagnosi s o r  scientifi c  discovery .  I n addition ,  sinc e E C H O 

determine s coherenc e i n parallel ,  i t  canno t  accoun t  fo r 
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Figur e 1 :  Th e Blac k Bo x wit h 4  atom s an d th e path s o f  severa l 

ligh t  ray s visible . 

order effects. 

I n ou r  researc h o n abductiv e reasoning ,  w e hav e take n a n 

^proac h tha t  i s simila r  t o th e dua l  spac e approac h o f  Klah r 
and Dunba r  an d t o th e menta l  mode l  apî 'oac h o f  Johnson -

Laii d an d Byrn e (1991) .  Johnson-Lair d an d Byrn e hav e 

show n tha t  man y regularitie s o f  huma n deductiv e reasonin g 

ca n b e explaine d b y a  menta l  model-base d theory .  Thei r  the -

or y assume s tha t  peopl e solv e deductiv e task s b y construct -

in g an d modifyin g concret e menta l  model s o f  a  situation , 

and b y searchin g fo r  altonativ e models .  W e hav e take n a 

simila r  vie w o f  abductiv e reasoning .  I n thi s papa* ,  w e 

describ e a  menta l  model-base d theor y o f  huma n abductiv e 
skil l  an d it s acquisitio n tha t  ha s bee n implemente d i n Soa r 

(Laird ,  e t  al. ,  1987) .  W e the n sho w ho w thi s theor y ca n 

accoun t  fo r  severa l  regularitie s see n i n huma n abductiv e rea -

soning . 

The Experimental Task: Black Box 

To further explore human abductive problem solving we 

hav e begu n t o focu s o n abductiv e task s i n whic h th e functio n 

and structur e (F/S )  o f  a  devic e ar e know n an d th e goa l  i s t o 

determin e som e hidde n stat e o f  th e devic e give n indirec t  evi -

denc e o f  tha t  state .  A s a  testbe d fo r  ou r  studie s w e ar e usin g a 

simpl e gam e calle d Blac k Bo x ( B B X )  i n whic h player s mus t 

locat e fou r  atom s hidde n i n a  bo x b y shootin g ligh t  ray s int o 

th e bo x an d observin g wher e th e ray s exi t  th e box .  Th e tas k 

was selecte d becaus e i t  i s  eas y t o understan d an d ye t 

involve s comple x abductiv e proble m solvin g simila r  t o tha t 

don e i n man y real-worl d tasks . 

The B B X devic e i s show n i n Figur e 1 .  Eac h ato m (labele d 
1-4 )  ha s a  field  o f  influenc e (show n a s a  large r  circl e aroun d 

th e atom) .  Thes e fields  deflec t  o r  absor b ligh t  ray s (accord -

in g t o certai n laws )  a s illustrate d i n th e figure.  I f  a  ra y 

directl y bit s a n atcnn ,  i t  i s absorbed ,  an d th e ray' s inpu t  cel l  i s 

marke d wit h a  circl e (Ray s B ,  C ,  D  an d E ) ;  i f  a  ra y enter s 

and exit s a t  th e sam e locatio n (Ray s I ,  J  an d H ) ,  tha t  loca -

tio n i s malte d wit h doubl e arrow s (thi s i s calle d a  reflec -

tion) ;  otherwise ,  th e location s a t  whic h th e ra y enter s an d 

exit s th e bo x ar e marke d wit h a  uniqu e symbo l  (Ray s A ,  F 

and G ,  marke d wit h letters) . 

The Abductive Process Model 

The model we describe here is based on Abd-Soar 

(Johnso n an d Smith ,  1991) ,  a  satisficin g Artificia l  Intelli -

genc e framewor k fo r  buildin g abductiv e systems .  Abd -

Soar  i s on e o f  a  serie s o f  abductiv e model s stemmin g fro m 

th e origina l  satisficin g techniqu e o f  Josephso n an d hi s col -

league s (1987) .  Althoug h Abd-Soa r  i s designe d t o captur e 

a wid e rang e o f  huma n exper t  knowledg e an d t o exhibi t 

flexible  behavio r  simila r  t o tha t  exhibite d b y huma n 

experts ,  th e theory' s behavio r  ha s neve r  bee n compared ,  i n 

detail ,  t o huma n behavior .  I n addition ,  man y detail s d i  th e 

abductiv e problem-solvin g proces s wer e lef t  unspecifie d 

i n Abd-Soar .  Th e thecu y presente d h o e extensivel y modi -

fies  an d extend s Abd-Soa r  t o accoun t  fo r  huma n abductiv e 

behavior . 
The basi s o f  ou r  abductiv e mode l  i s a  menta l  mode l  the -

or y tha t  view s abductio n a s th e sequentia l  OHnprebensio n 

and integratio n o f  dat a int o a  singl e situatio n mode l  tha t 

represent s th e curren t  bes t  explanatio n o f  th e data . 

Althoug h onl y a  singl e situatio n mode l  i s used ,  i t  ca n con -

tai n disjunctiv e elements .  Fo r  example ,  a  situatio n mode l 

ca n contai n severa l  possibl e explanation s fCH -  a  datum . 

W h en a  ne w datu m i s collecte d th e situatio n mode l  i s 

update d t o includ e th e ne w datum .  Next ,  th e ne w datu m 

must  b e comprehende d t o determin e wha t  i t  implie s abou t 
th e situation .  Th e resul t  o f  comprehensio n i s on e o r  mor e 

explanation s fo r  th e datum .  A n explanatio n ca n b e uni -

causa l  ( a singl e componen t  cause )  o r  multicausa l  ( a con -

junctio n o f  componen t  causes) .  Comprehensio n ca n als o 

produc e abstrac t  explanation s tha t  specif y a  relate d clas s 

of  concret e explanations .  I f  comprehensio n result s i n a 

singl e explanatio n tha t  i s  consisten t  wit h th e rest  o f  th e sit -

uatio n model ,  the n tha t  explanatio n i s assume d t o b e true . 

W h en a n explanatio n i s inconsisten t  wit h th e mode l  a n 

anomal y ha s occurre d an d th e mode l  mus t  b e update d b y 

eithe r  finding  a n alternativ e explanatio n fo r  th e ne w datu m 

or  b y alterin g a n explanatio n fo r  th e ol d data .  W h e n multi -

pl e explanation s ar e know n t o b e likel y f w a  datum ,  on e 

must  b e selecte d b y considerin g othe r  dat a (an d possibl y 

collectin g ne w data) .  Thi s lead s t o th e proces s o f  evidenc e 

integration . 

The remainde r  o f  th e abductiv e mode l  i s state d i n fou r 

hypotheses :  1 )  Th e satisficin g hypothesis ,  tha t  th e searc h 
fo r  a n explanatio n (o r  experiment )  end s a s soo n a s a  singl e 

satisfactor y explanatio n (o r  experiment )  i s  found ;  2 )  Th e 

compilatio n hypothesis ,  tha t  explanation s (o r  experiments ) 

foun d throug h searc h ar e immediatel y availabl e t o th e 

proble m solvo *  whe n futur e simila r  situation s arise .  I n 
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othe r  w(xds ,  th e result s o f  searc h ar e compile d suc h tha t  th e 

searc h ca n b e avoide d i n simila r  futur e situations ;  3 )  Th e 

availabilit y  hypothesis ,  tha t  i f  onl y on e explanatio n i s 

directl y availabl e an d i s  consisten t  wit h th e data ,  i t  i s 

accqpte d an d used ,  bu t  i f  mor e tha n on e i s directl y available , 

th e agen t  mus t  attemp t  t o discriminate .  I f  non e ar e directl y 

available ,  the n th e agen t  mus t  searc h fo r  a n explanation ;  an d 

4)  Th e bounde d searc h hypothesis ,  tha t  th e searc h fo r  expoi -

ment s an d explanation s i s  bounde d b y m e m o r y an d tim e 

constraints . 

The abductiv e mode l  i s base d o n a  proble m spac e wit h 7 

operators :  comprehend ,  refine ,  discriminate ,  check ,  test , 

resolve-anomal y an d hypothesis .  Th e state s i n thi s spac e 

contai n th e situatio n mode l  alon g wit h othe r  stat e informa -

tio n neede d t o solv e th e problem .  Ther e i s n o fixed  orde r  i n 

whic h operator s ar e sequenced ,  rathe r  thei r  sequenc e i s 

determine d a t  run-tim e base d o n th e statu s o f  eac h operator' s 
precondition s an d o n search-contro l  knowledg e tha t  prefer s 

one OT  mor e operator s ove r  others . 
Comprehen d determine s th e implication s o f  on e o r  mor e 

part s o f  th e situatio n model .  Fo r  example ,  comprehendin g 

ne w dat a wil l  produc e a n explanatio n fo r  tha t  data .  Compre -
hendin g al l  o f  th e implication s o f  a  singl e objec t  i n a  situa -

tion  mode l  ca n b e a  multi-ste p process ,  requirin g multipl e 

ccxnprehen d operators .  Fo r  example ,  i n th e B B X model , 

Comprehen d i s applie d t o a  ra y t o produc e a  pat h tha t  th e ra y 

coul d hav e take n throug h th e box .  Comprehen d i s  the n 

applie d t o thi s pat h t o determin e th e locatio n o f  atom s tha t 
coul d caus e th e path .  Comprehen d ca n als o m a k e us e o f 
expectation s tha t  hav e bee n place d i n workin g m e m o r y b y 
othe r  operators .  Fo r  example .  Comprehen d ca n compar e th e 
outcom e o f  a n experimen t  t o expectations ,  tiius  bypassin g 
th e standar d comprehensio n process .  Th e implementatio n o f 
Comprehen d depend s o n th e objec t  bein g ccxnprehende d an d 

on tiie  availabl e tas k knowledge .  Henc e th e numbo '  o f  c(xn -
prehensio n step s an d th e proces s o r  processe s underlyin g 
eac h ste p mus t  b e derive d fro m a n analysi s o f  th e tas k a s 

wel l  a s empirica l  observation s o f  huma n subjects . 
A simila r  multi-ste p comprehensio n proces s i s  use d i n 

NL-Soar ,  a  syste m fo r  comprehendin g natura l  languag e 
(Lewis ,  1993) .  Th e NL-Soa r  designer s foun d tha t  tiiis 

approac h increase d tite  generalit y o f  acquire d comprehen -

sio n knowledg e an d als o contribute d t o th e explanatio n o f 
severa l  behaviora l  regularitie s i n natura l  languag e process -

ing . 
Refin e attempt s t o refin e abstrac t  hypothese s b y takin g int o 

accoun t  explanation s i n Ui e curren t  situatio n model .  I t  i s  th e 
primar y mechanis m fo r  integratin g evidence .  Thi s i s don e b y 
considerin g hypothese s tha t  hav e bee n accepte d (suc h a s 

atom s tha t  hav e alread y bee n placed )  a s wel l  a s hypothese s 
tha t  ar e bein g considered .  Fo r  example ,  give n a n abstrac t 

bypotiiesi s tiiat  a n ato m i s i n a  column ,  refin e woul d first 

chec k th e colum n t o determin e whethe r  a n ato m ha s alread y 
been place d i n tha t  column .  I f  so ,  the n i t  wil l  attemp t  t o us e 

tha t  ato m t o explai n th e datum .  I f  not ,  the n refin e woul d 

chec k t o se e i f  an y hypothesize d atom s ar e i n th e column . 

I f  onl y on e i s presen t  tiien  thi s woul d b e use d t o explai n 

th e datum . 

Discriminat e take s a  disjunctiv e se t  o f  explanation s an d 

attempt s t o selec t  on e b y evaluatin g eac h alternativ e wit h 

respec t  t o th e situatio n model .  I f  ther e i s insufficien t  evi -
denc e t o selec t  a  singl e explanation ,  the n discriminat e wil l 

attemp t  t o brea k th e tie  b y collectin g dat a (i.e. ,  b y design -

in g an d conductin g a n experiment) . 

Check determine s whethe r  n e w result s (suc h a s n e w 

explanations )  ar e consisten t  witi i  th e othe r  part s o f  th e sit -

uatio n model .  Chec k annotate s th e situatio n mode l  wit h 

thi s informatio n an d ca n als o ad d a  certaint y annotatio n t o 

th e ite m bein g checked . 
Test  design s an d conduct s a n experimen t  t o eithe r  con -

firm  o r  disconfir m a n uncertai n item . 

Resolve-anomal y take s anomalou s part s o f  th e situatio n 
model ,  suc h a s tw o contradictor y explanations ,  an d make s 

apprc^riat e change s t o th e situatio n model .  A  theor y o f 
anomalou s dat a interpretatio n i s  give n i n K rem s an d 
Johnso n (1994) . 

Hypothesiz e add s a  disjunctiv e se t  o f  hypothese s t o th e 

situatio n mode l  a s explici t  hypothesize d components .  Thi s 

operator ,  i n conjunctio n wit h refine ,  provide s th e primar y 

evidenc e integratio n mechanis m i n di e model .  A n evi -

denc e integratio n exampl e i s give n below ,  followin g th e 
nex t  section . 

Implementation and Example: Applying the 

Model  t o Blac k B o x 

The model described above has been applied to BBX and 
implemente d i n Soar .  I n B B X ther e ar e tw o comprehen d 
ĉ ratOTS .  Comprehen d ray-sho t  produce s a  patii ,  possibl y 

abstract ,  tha t  explain s h o w a  ra y travel s fro m th e inpu t  t o 
th e outpu t  cell .  Thi s i s  don e usin g satisficin g searc h 

throug h a  spac e wit h operatcx ^  tha t  trac e a  pati i  fro m on e 
cel l  t o anotiier .  Comprehen d pat h the n determine s th e 
atcxn s tha t  ar e neede d t o suppor t  th e path .  I t  doe s thi s b y 
reasonin g backwar d o v ^  th e rule s o f  ra y travel . 

Figur e 2  illustrate s b o w th e mode l  works .  Th e mode l 

begin s b y requestin g th e first  datum .  U p o n seein g \h t 
resul t  (a )  th e mode l  ̂ plie s comprehen d t o th e dat a whic h 
produce s a n abstrac t  pat h indicatin g tha t  th e ra y wen t  int o 
th e box ,  tiien  turne d 18 0 degree s an d exite d a t  th e sam e 
poin t  (als o show n i n 3a) .  Comprehen d i s the n applie d t o 

thi s pat h (b )  resultin g i n 3  hypodieses :  2  singl e ato m 
hypotheses ,  A  an d fi,  an d 1  two-ato m hypothesis ,  C .  Th e 
latte r  hypothesi s i s abstract ,  i n tha t  i t  specifie s tha t  a  pai r 
of  atom s ca n b e locate d a t  an y positio n alon g th e column . 

Abstrac t  hypothese s ar e initiall y  represente d proposition -

all y i n th e model .  Fo r  example ,  C  i s  represente d a s a n 

atM n pai r  tha t  ca n occu r  anywher e alrai g th e tiiird  column . 

Anonpropositiona l  model-base d representatio n woul d ad d 

explici t  concret e element s fo r  eac h ato m pai r  t o th e model . 
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Figur e 2 :  Th e us e o f  evidenc e integration .  A t o m B  (3d )  i s place d afte r  th e secon d reflectio n i s see n i n 3c . 

Sinc e mor e tha n on e explanatio n ha s bee n generated , 

refin e i s applie d t o th e hypotheses .  Refin e i s unabl e t o selec t 

an explanation ,  s o hypothesiz e i s applied ,  whic h add s th e 

hypothesize d atom s t o th e situatio n mode l  a s explici t 

objects . 

Next  discriminat e i s applied .  Thi s simpl y update s th e stat e 

contex t  t o indicat e tha t  discriminatio n i s bein g done .  Thi s 

aUows th e mode l  t o collec t  mor e dat a (c) ,  anothe r  reflection . 

Thi s secon d ra y i s comprehende d jus t  a s th e first,  resultin g i n 
a simila r  se t  o f  thre e hypotheses :  D ,  E  an d F ,  als o show n i n 

3c .  Followin g this ,  refin e i s applie d t o th e n e w ray' s hypothe -

ses .  Sinc e n o atom s hav e bee n placed ,  th e mode l  check s t o 
se e i f  a n existin g hypothesize d ato m wil l  explai n th e n e w 

ray .  I t  finds  tha t  B  i s th e onl y hypothesize d ato m tha t  ca n 
explai n th e n e w ray ,  s o i t  update s th e explanatio n fo r  th e ra y 

t o indicat e tha t  B  explain s th e ray .  I t  the n place s a n ato m a t 

locatio n B  (d )  an d check s (usin g check )  t o se e i f  th e secon d 

ra y i s actuall y explaine d b y simulatin g th e ra y sho t  an d com -
parin g th e outcom e o f  th e simulatio n t o th e actua l  outccHne . 

Sinc e th e secon d ra y i s explained ,  th e mode l  shift s attentio n 

bac k t o th e first  ray .  Becaus e th e situatio n mode l  ha s 

changed ,  refin e i s re^plie d t o th e first  ray .  Thi s time ,  refin e 

see s tha t  th e newl y place d ato m i s consisten t  wit h th e 

hypothesi s fo r  th e first  ray ,  s o i t  update s th e situatio n mode l 

t o indicat e tha t  th e first  ra y i s explaine d b y th e atom .  I t  the n 

checks ,  b y simulating ,  t o ensur e tha t  th e first  ra y ha s bee n 

explained .  Sinc e i t  is ,  th e mode l  i s the n fre e t o collec t  addi -

tiona l  data . 
Th e abov e exampl e illustrate s severa l  importan t  feature s 

of  th e model-base d theory .  Ftfst ,  becaus e o f  th e satisficin g 

natur e o f  hypothesi s generation ,  th e mode l  doesn' t  nee d t o 

conside r  al l  possibl e explanation s fo r  a  give n datum .  Second , 

althoug h th e syste m use s satisficin g search ,  th e exampl e 

show s tha t  th e multi-stag e comprehensio n proces s ca n m a k e 

us e o f  abstrac t  hypothese s t o generat e a  clas s o f  possibl e 

explanation s fo r  a  datum . 
Third ,  i t  illustrate s h o w a  cc«nple x abductiv e proble m ca n 

be solve d b y th e sequentia l  applicatio n o f  relativel y simpl e 

loca l  reasonin g processe s tha t  brin g t o bea r  differen t  bodie s 

of  knowledge .  Th e result s o f  som e o f  thes e processe s fee d 

int o othe r  processes ,  whil e som e processes ,  suc h a s check , 

independentl y chec k th e result s o f  others .  Smith ,  e t  al . 

(1991 )  foun d tha t  exper t  technologist s us e a  simila r  tech -

niqu e t o cop e wit h th e complexitie s o f  bloo d typing ,  a n 

abductiv e tas k requirin g th e interpretatio n o f  a  larg e se t  o f 

tes t  dat a Thi s i s i n shar p contras t  t o theorie s tha t  assum e 

tha t  th e entir e se t  o f  dat a mus t  b e reevaluate d eac h tim e a 

n e w d a m m i s receive d o r  tha t  assum e tha t  evidenc e ca n b e 

brough t  t o bea r  i n parallel .  Finally ,  evidenc e integratio n i s 

don e no t  b y countin g th e dat a explaine d an d no t  explaine d 

nor  b y combinin g probabilities ,  bu t  simpl y b y checkin g 

th e mode l  fo r  previousl y hypothesize d atom s tha t  overla p 

wit h thos e hypothesize d fo r  th e curren t  datum . 

Evaluation of the Model: Regularities Met 

The plausibility of the model can be evaluated by compar-

in g i t  t o th e behavior  o f  subject s i n abductiv e reasonin g 

tasks .  Here ,  w e briefl y review  som e phenomen a discov -

ere d i n previou s studie s a s wel l  a s i n ou r  o w n studie s 

base d o n th e B B X tas k (se e Johnso n e t  al. ,  1993) . 

Order Effects 

As noted earlier, the order of data presentation sometimes 

affect s a  person' s belie f  i n a n explanatio n (Hogart h &  Ein -

hom,  1992) .  I n B B X ,  w e foun d tha t  orde r  o f  dat a presenta -

tio n ca n affec t  wha t  component s ar e use d i n th e 

multicausa l  explanatio n (Bogenberger ,  I n preparation) . 

Figur e 3  illustrate s thi s effect .  W h e n ra y A  i s presente d 

first,  subject s normall y plac e A t o m 1 .  I f  Ra y B  (enterin g a t 
Bl  an d exitin g a t  B2 )  i s the n presented ,  a n ato m i s place d 

at  cel l  2 .  W h e n C  i s show n next ,  ato m 3  i s placed .  How -

ever ,  a t  thi s poin t  a n ato m a t  eithe r  cel l  4  o r  2  coul d 

explai n B  wit h equa l  likelihoo d (p=.49) ,  give n al l  o f  th e 

dat a currentl y available .  I f  th e dat a i s reversed,  C ,  B ,  A 

the n a n ato m i s place d a t  cel l  4  instea d o f  2 . 

Accordin g t o ou r  model ,  orde r  effect s occu r  becaus e th e 

simples t  consisten t  explanatio n fo r  a  ne w datu m i s imme -
diatel y adde d t o th e situatio n mode l  an d the n use d t o con -

strai n th e explanatio n fo r  succeedin g dat a (throug h refine) . 

By changin g th e orde r  o f  data ,  th e contex t  i n whic h expla -

nation s ar e refined  i s changed ,  leadin g t o th e selectio n o f 

differen t  explanations .  I n case s wher e refin e i s no t  used . 
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Figur e 3 :  Orda -  o f  dat a presentatio n a£fect s outcome .  A ,  B ,  C 
result s  i n placemen t  o f  atom s a t  location s 1,2 ,  an d 3  wherea s 

C,  B ,  A  result s i n a  placemen t  a t  location s 1, 3 an d 4 .  Loca -

tion s 2  an d 4  ar e equall y likel y ( p =.49) . 

no order effects will be seen. 

The mental-mode l  theor y produce s th e sam e behavio r  a s 

th e subjects .  W h e n A  i s shown .  A to m 1  i s place d t o explai n 

i t  I f  B  i s show n next ,  comprehen d construct s a n abstrac t 
"zig-zag "  pat h from  B l  t o B2 ,  the n comprehensio n o f  thi s 

pat h result s i n knowledg e tha t  ther e mus t  b e atom s i n th e 

fourt h an d sixt h colunms .  Refin e i s the n applie d t o th e pat h 

wher e i t  detect s A to m 1 ,  modifie s th e abstrac t  "zig-zag, "  s o 
tha t  i t  use s A to m 1  an d specifie s tha t  ther e mus t  b e a n ato m 
at  Cel l  2 .  Sinc e ther e i s n o w onl y on e explanatio n fo r  B ,  a n 
ato m i s place d a t  locatio n 2 ,  the n B  i s checke d an d Datu m C 
i s requested .  Th e explanatio n fo r  C  (Ato m 3 )  doe s no t  con -
tradic t  an y othe r  explanatio n s o th e mode l  requests  addi -

tiona l  dat a t o locat e th e fourt h atom .  A n alternativ e 

explanatio n fo r  Ra y B  i s no t  considered .  W h e n th e dat a i s 
presente d i n reverse  order ,  th e mode l  place s a n ato m a t  loca -
tio n 4 . 

Deviation from Normative Abduction 

The example in Figure 3 illustrates how the mental-model 
theor y predict s deviation s fro m normativ e abduction .  Give n 
th e dat a show n i n Figur e 3 ,  location s 2  an d 4  ar e equall y 
likel y location s fo r  atoms ;  however ,  bot h location s ar e no t 
considere d becaus e th e orde r  o f  dat a presentatio n togethe r 
wit h th e satisficin g approac h t o explanatio n generatio n an d 

selectio n resulte d i n a  mode l  i n whic h al l  o f  th e dat a i s 
explained .  I n general ,  w e expec t  tha t  explanation s produce d 

by th e mode l  wil l  sometime s diffe r  fr(Hn  th e answe r  dictate d 
by probabilit y  theor y becaus e th e mode l  select s a  bes t  expla -
natio n base d o n eas e o f  search ,  availabilit y  o f  alternatives , 

and model-base d evidenc e integration .  Th e mode l  currentl y 
does no t  use ,  o r  eve n know ,  probabilities . 

Tas k a n d D o m a i n Effect s 

The applicatirai of the model to BBX illustrates how the 

tas k an d domai n influenc e th e outcom e (a s contraste d t o 

th e outcom e tha t  woul d b e produce d b y a  purel y syntacti c 

theory) .  Th e comprehensio n o f  dat a (t o produc e a n 

explanation )  i s a  multi-stag e process ,  wher e th e numbe r 

and natur e o f  th e stage s depen d o n th e domai n an d task . 

Furthermore ,  th e implementatio n o f  eac h stag e i s deter -

mine d b y domai n an d tas k characteristics .  Fo r  example . 

we observe d tha t  subject s ten d t o trac e ray s from  inpu t  cel l 

t o outpu t  cell ,  despit e th e fac t  tha t  al l  ray s ar e bi-direc -

tional .  Thi s ca n affec t  th e answe r  given .  I f  th e dat a i n Fig -

ur e 3  i s presente d i n th e orde r  A ,  C ,  B ,  an d B  i s sho t  i n a t 

B l ,  the n subject s ten d t o plac e a n ato m a t  locatio n 2 , 

becaus e the y trac e a  pat h from  B l  t o B 2 an d notic e A to m 

1,  bu t  no t  A to m 3 .  However ,  i f  ra y B  i s sho t  i n from  B2 , 
the n subject s ten d t o plac e a n ato m a t  locatio n 4 ,  becaus e 

Ray B  i s trace d from  B 2 t o B l  an d A to m 3  i s noticed ,  bu t 

not  A to m 1 .  Thus ,  task-specifi c  processin g ha s a  majo r 

effec t  o n th e abductiv e conclusions .  I n th e 2q)plicatio n o f 

th e mental-mode l  theor y t o B B X ,  w e implemente d Refin e 
so tha t  i t  woul d trac e from  inpu t  cel l  t o output ,  thu s ou r 

model  i s abl e t o replicate  thi s behavior .  A n y mode l  o f 

abductiv e reasonin g tha t  completel y abstract s awa y th e 
propertie s o f  a  domai n woul d b e unabl e t o explai n thi s 
behavior . 

Power-law Speed-up 

To test tor power-law speed-up we ran the model S times 
on S 2 game s (eac h ru n use d a  differen t  rando m orderin g o f 
th e sam e games) .  W e the n compare d th e speed-u p t o 5 
human subject s playin g th e sam e 5 2 games .  Fo r  th e simu -

lation ,  w e foun d tha t  a  power-functio n 
( y =  x'̂ -̂ '' ^  •  607.89 )  explain s 7 4 % o f  variance .  Th e lin -

ear  fit  is :  y  =  -  4.305j :  +  404.74 ,  explainin g 5 7 % (substan -
tiall y  less) .  Th e mea n numbe r  o f  Soa r  decisio n cycle s 

(DCs )  (ove r  al l  mode l  run s an d games )  i s 290.6 6 pe r 

game.  TTii s drop s from  59 3 D C s t o 25 0 afte r  5 2 games . 
The min imu m valu e wa s 174 . 

For  th e 5  subject s o n th e sam e 5 2 games ,  w e foun d tha t 
a powe r  la w ( y =  x'̂ **̂ ^  •  I92529mj )  explaine d 5 0 % o f 

varianc e whil e a  linea r  fit  ( y =  -  1799j c +  104066mj )  onl y 
explaine d 2 8 % .  Th e subject s improve d from  26 3 see' s t o 
48 see' s pe r  game .  The y average d 56. 4 see' s pe r  gam e (fo r 

al l  games) .  Th e min imu m tim e wa s 17. 8 sec ,  th e maxi -
m u m,  332. 9 sec . 

The Soa r  architectur e specifie s tha t  a  decisio n cycl e 

(PC )  correspond s t o a  valu e i n th e rang e o f  3 0 m s t o 30 0 
ms (Newell ,  1990) .  Wit h 29 0 D C s fo r  th e mode l  an d 56. 4 
sec fo r  th e subject s th e simulatio n i s operatin g a t  195ms / 
D C,  whic h i s wel l  withi n th e theoretica l  range .  Bu t  th e 

speed-u p o f  th e mode l  i s muc h smalle r  tha n tha t  o f  th e 
subjects :  5 8 % compare d t o 8 3 % .  Tli e learnin g rat e (powe r 

la w coefficient )  o f  th e mode l  i s approximatel y hal f  o f  th e 
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subject s (0.2 5 compare d t o 0.48) .  I n general ,  thi s mean s tha t 

th e mode l  reaches  th e asymptot e mor e quickl y (i.e. ,  th e 

model  stop s improvin g earlier) ,  bu t  tha t  afte r  learnin g th e 

tas k i s approximatel y o f  th e sam e complexit y fo r  bot h th e 

model  an d th e subjects .  Th e differenc e i n learnin g rat e likel y 

occur s becaus e th e tria l  tim e fo r  subject s include s th e tim e t o 

visuall y sca n th e screen ,  mov e th e mous e an d cUc k th e 

mouse button .  Th e mode l  doe s no t  attemp t  t o simulat e thes e 

action s wherea s wit h th e subject s thes e action s ar e gettin g 

automate d an d appea r  i n th e speed-u p effect .  Wit h th e mode l 

we onl y se e cognitiv e speed-up ,  th e command s tha t  interac t 

wit h th e B B X displa y neve r  ge t  faster . 

Conclusion 

The theory of abduction described above shows how the 
interactio n o f  relatively  simpl e symboli c processe s ca n 

accoun t  fo r  comple x behaviora l  regularities.  Th e mode l 

view s huma n abductiv e behavic w no t  a s th e imperfec t  appli -

catio n o f  forma l  syntacti c law s o r  probabilit y  estimation ,  bu t 
as th e proces s o f  buildin g an d modifyin g a n explici t  situatio n 

model  usin g satisficin g search .  Thi s i s simila r  t o th e menta l 

model  theor y o f  huma n deductiv e reasoning .  Becaus e th e 

model  i s base d o n satisficin g search ,  i t  make s reasonable 

assumption s abou t  th e huma n cognitiv e architecture .  Thi s i s 

i n contras t  t o model s o f  abductiv e reasonin g tha t  assum e 

massivel y paralle l  computatio n o r  th e abilit y  t o remember 

and accuratel y combin e probabilities .  Ou r  mode l  i s simila r 
t o man y searc h base d theorie s o f  scientifi c  discovery ,  suc h a s 

Klah r  an d Dunbar' s dua l  spac e searc h model ,  bu t  i t  offer s 

mor e detail s o f  th e proble m solvin g processe s a s wel l  a s pro -

ces s model s fo r  evidenc e integratio n an d skil l  acquisition . 
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