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Abstrac t 

The majority of work in the field of human judgement and deci-
sio n makin g unde r  uncertaint y i s base d o n th e us e an d develop -
ment  o f  algebrai c approaches ,  i n whic h judgemen t  i s modelle d 
i n term s o f  mathematica l  choic e functions .  Suc h approache s 
provid e n o accoun t  o f  th e menta l  processe s underiyin g decisio n 
making .  I n thi s pape r  w e explor e a  cognitiv e mode l  (imple -
mente d withi n COGENT)  o f  decisio n makin g develope d i n orde r 
t o accoun t  fo r  subjec t  performanc e o n a  simulate d medica l 
diagnosi s task .  Ou r  primar y concer n i s wit h learning ,  an d em -
pirica l  result s o n huma n leamin g i n th e modelle d tas k ar e als o 
reported .  Leamin g i n th e computationa l  mode l  share s man y 
qualitativ e feature s wit h th e huma n data .  Th e result s provid e 
ftirther  suppor t  fo r  cognitiv e (i.e. ,  non-algebraic )  approache s t o 
decisio n makin g unde r  uncertainty . 

Introduction 

Mainstrea m approache s t o Judgemen t  an d Decisio n Makin g 
(JDM )  ai m t o predic t  h o w th e decision s tha t  peopl e mak e ar e 
affecte d b y differen t  conditions .  Normativ e algebrai c tech -
nique s (e.g. ,  Expecte d Utilit y  Theory :  Lindley ,  1985 )  hav e 
lon g bee n dominan t  i n th e field .  Thes e approache s gener -
all y describ e decisio n makin g i n term s o f  conditiona l  prob -
abilitie s o f  outcome s an d thei r  associate d expecte d utilities . 
However ,  man y feature s o f  rea l  huma n decisio n makin g ar e 
non-normative .  Suc h feature s hav e bee n accounte d fo r  b y th e 
introductio n o f  a  variet y o f  heuristic s an d biase s (e.g. ,  Tver -
sk y &  Kahneman' s (1974 )  availabilit y  an d representativenes s 
heuristics) .  Th e resultan t  approache s ar e (arguably )  adequat e 
fo r  predictin g statistica l  regularitie s acros s huma n decisio n 
making . 

However ,  becaus e algebrai c technique s d o no t  addres s deci -
sio n makin g fro m a n informatio n processin g perspective ,  the y 
canno t  tak e accoun t  o f  situationa l  factor s (e.g. ,  specifi c  tas k 
requirements )  an d cognitiv e factor s (e.g. ,  memor y limitation s 
and specifi c  subjec t  strategies) .  Consequently ,  suc h theorie s 
ar e restricte d i n thei r  abilit y  t o accoun t  fo r  th e detaile d struc -
tur e o f  th e decisio n makin g process .  Thi s situatio n i s furthe r 
exacerbate d b y th e reductio n o f  individua l  subjec t  knowledg e 
and experienc e t o conditiona l  probabilities . 

I n orde r  t o addres s thes e shortcoming s severa l  author s hav e 
argue d fo r  th e developmen t  o f  model s an d theorie s o f  th e 
processe s underlyin g J D M (e.g. .  Fox ,  1980 ;  Beach ,  1990 ; 
Busemeyer ,  Hastie ,  &  Medin ,  1995 ;  Fo x &  Cooper ,  1997) .  I n 
additio n t o addressin g th e abov e difficulties ,  suc h approache s 
ar e abl e t o brin g th e result s an d technique s o f  researc h i n 

othe r  area s o f  cognitiv e psycholog y (e.g. ,  memory ,  perception , 
proble m solving ,  etc.) ,  wher e issue s o f  proces s an d represen -
tatio n ar e routinel y considered ,  t o bea r  o n decisio n making , 
thu s bridgin g th e ga p whic h exist s betwee n J D M an d m u c h o f 
th e res t  o f  th e discipline . 

The accoun t  o f  J D M adopte d her e take s a n informatio n 
processin g perspective ,  an d assume s tha t  decisio n makin g 
ca n b e understoo d i n term s o f  genera l  purpos e (knowledge -
lean )  rule s actin g o n domain-specifi c  knowledge .  Give n thi s 
vie w (suppor t  fo r  whic h follows) ,  on e ste p i n developin g a 
full y explici t  accoun t  o f  J D M i s t o provid e a n accoun t  o f 
exper t  (i.e. ,  knowledge-rich )  performance .  Suc h a n account , 
however ,  onl y addresse s th e questio n o f  wha t  domain-specifi c 
knowledg e i s acquired .  I t  doe s no t  addres s th e question s o f 
h o w an d whe n tha t  domain-specifi c  knowledg e i s acquired . 
For  this ,  a  processin g accoun t  mus t  includ e a n accoun t  o f 
learning . 

A concret e foundatio n fo r  th e curren t  wor k i s provide d b y 
a simulate d medica l  diagnosi s task .  I n thi s tas k subject s ar e 
require d t o diagnos e a  hypothetica l  patient .  Subject s ar e pre -
sente d wit h a n initia l  sympto m (e.g. ,  th e patien t  i s  vomiting ) 
and allowe d t o quer y th e presenc e o f  certai n othe r  symptom s 
befor e givin g a  diagnosis .  Feedbac k i s give n o n th e final  di -
agnosi s allowin g subject s t o lear n th e task .  Performanc e i s 
measure d i n term s o f  diagnosti c accurac y (i.e. ,  th e percentag e 
of  trial s o n whic h th e diagnosi s offere d b y a  subjec t  i s  th e 
diseas e use d t o generat e th e sympto m pattern )  an d i n term s 
of  th e numbe r  an d orde r  o f  symptom s querie d i n comin g t o a 
diagnosis .  Leamin g i s see n i n bot h a n increas e i n diagnosti c 
accurac y an d a  decreas e i n th e numbe r  o f  symptom s querie d 
befor e a  diagnosi s i s offered .  Th e task ,  thoug h considerabl y 
simple r  tha n real-worl d medica l  diagnosis ,  offer s a  numbe r 
of  complexitie s no t  see n i n man y standar d learnin g an d rul e 
inductio n task s (e.g. ,  Wason' s (1960 )  2-4- 6 task) . 

I n th e followin g sectio n w e summaris e ou r  previous  empir -
ica l  an d computationa l  wor k usin g th e abov e diagnosi s task . 
We the n presen t  empirica l  result s o n learnin g th e task ,  fol -
lowe d b y a  computationa l  mode l  o f  a n idealise d learner .  Th e 
idealise d learner' s behaviou r  share s man y qualitativ e feature s 
wit h th e subjec t  data ,  providin g stron g suppor t  fo r  bot h th e 
rule-base d accoun t  o f  decisio n makin g an d th e symboli c ac -
coun t  o f  learning .  W e conclud e wit h a  discussio n o f  som e 
issue s raise d b y th e learnin g mode l  an d direction s fo r  futur e 
research . 
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B a c k g r o u n d 

Th e diagnosi s tas k use d t o carr y tli c  curren t  wor k wa s tirs t 
introduce d b y Fo x (1980 )  i n a n attemp t  t o explor e hypothese s 
abou t  th e interactio n o f  knowledg e an d memor y processe s i n 
decisio n makin g unde r  uncertainty .  Th e tas k i s base d loosel y 
on clinica l  diagnosis .  O n eac h tria l  th e subjec t  i s  presente d 
wit h on e o f  five  symptoms .  Thi s sympto m i s understoo d t o b e 
th e presentin g sympto m o f  a  patient .  Th e subjec t  know s tha t 
th e patien t  i s  sufferin g fro m on e o f  five  diseases .  Afte r  bein g 
tol d abou t  th e presentin g symptom ,  th e subjec t  ca n as k abou t 
th e presenc e o r  absenc e o f  an y o f  th e othe r  symptoms ,  i n an y 
order ,  an d ca n offe r  a  diagnosi s a t  an y point .  Th e selectio n 
of  th e presentin g symptom ,  an d th e answer s t o an y question s 
asked ,  ar e determine d b y referenc e t o a  se t  o f  conditiona l 
probabilitie s (cf .  tabl e 1) . 

I n th e experimen t  reporte d b y Fo x (1980) ,  th e subject s wer e 
first-year  medica l  student s an d th e disease s wer e rea l  medical 
conditions .  Th e conditiona l  probabilitie s o f  symptom s give n 
diseases ,  however ,  wer e chose n fo r  experimenta l  convenience . 
Subject s wer e abl e t o lear n th e tas k surprisingl y well ,  achiev -
in g a  diagnosti c accurac y o f  ove r  8 0 % o n th e fourt h bloc k o f 
25 trials .  (Chanc e performanc e o n thi s tas k i s 2 0 % an d perfec t 
accurac y i s no t  reliabl y possibl e du e t o th e inherentl y proba -
bilisti c  natur e o f  th e symptom/diseas e associations. )  Subject s 
achieve d thi s accurac y b y asking ,  o n average ,  2.1 2 (ou t  o f  a 
possibl e 4 )  questions .  I n addition ,  clea r  preference s fo r  initia l 
questio n selectio n wer e found . 

The primar y ai m o f  th e stud y wa s t o provid e dat a wit h whic h 
t o compar e a  famil y o f  algebrai c model s o f  th e subjects '  per -
formanc e wit h a n informatio n processing ,  knowledge-base d 
account .  Withi n th e informatio n processin g account ,  rule s 
ar e use d t o infe r  suspecte d disease s fro m presentin g symp -
toms ,  an d the n t o infe r  fro m suspecte d disease s wha t  furthe r 
symptom s migh t  b e expected .  Th e sympto m t o b e querie d 
i s determine d fro m thi s set ,  accordin g t o eithe r  a  discrim -
inatin g strateg y (i.e. ,  choos e a  sympto m whic h on e woul d 
expec t  t o b e presen t  give n on e suspecte d diseas e bu t  absen t 
give n anothe r  suspecte d disease )  o r  a  verifyin g strateg y (i.e. , 
focu s o n on e diseas e an d chec k tha t  eac h o f  it s  typica l  symp -
tom s ar e present) .  Th e orde r  o f  recal l  o f  symptom/diseas e 
association s (whic h i s critica l  t o th e orde r  o f  questionin g 
and henc e th e final  diagnosis )  wa s determine d fro m a  m e m-
or y tas k whic h wa s interleave d wit h block s o f  th e diagnosi s 
task .  Symptom/diseas e association s whic h wer e mor e quickl y 
confirmed/disconfirme d wer e assume d t o b e recalle d befor e 
symptom/diseas e association s whic h wer e les s quickl y con -
firmed. 

Compute r  simulation s o f  bot h th e algebrai c model s an d th e 
informatio n processin g mode l  wer e performed .  Th e algebrai c 
model s provide d a  reasonabl e fit  t o th e subjec t  data ,  bu t  th e 
fit  betwee n th e informatio n processin g mode l  an d th e sub -
jec t  data ,  o n bot h diagnosti c accurac y an d pattern s o f  initia l 
questio n selection ,  wa s foun d t o b e superior . 

Thi s wor k provide s evidenc e fo r  th e sufficienc y o f  quali -
tativ e reasonin g i n decisio n makin g unde r  uncertainty .  Al -
thoug h probabilistic/frequentisti c informatio n i s implici t  i n 
th e mode l  vi a th e availabilit y  o f  knowledg e i n memory ,  th e 
model  differ s fro m algebrai c account s i n tha t  i t  i s  purel y de -

terministi c an d i t  doe s no t  explicitl y  manipulat e probabilities . 
Despit e th e succes s o f  thi s wor k i n modellin g "expert "  per -

formanc e o n th e diagnosi s task ,  neithe r  th e empirica l  wor k no r 
th e modellin g wor k addres s th e issu e o f  learning .  Fro m th e 
empirica l  side ,  th e subjects ,  bein g medica l  students ,  wer e 
clearl y no t  learnin g th e domain-knowledg e fro m scratch . 
Fro m th e modellin g side ,  th e computationa l  tool s availabl e 
when th e wor k wa s originall y performe d lacke d sufficien t 
power  t o enabl e additiona l  progress . 

Computationa l  modellin g tool s an d technique s hav e ad -
vance d considerabl y sinc e th e informatio n processin g mode l 
of  diagnosi s wa s first  developed ,  an d Fo x &  Coope r  (1997 ) 
presen t  a  reconstructio n o f  th e mode l  withi n th e COGENT mod -
ellin g environment .  C O G E NT i s a  too l  designe d fo r  th e devel -
opment  o f  functionall y modula r  model s i n th e bo x an d arro w 
styl e (cf .  Coope r  &  Fox ,  1997) .  C O G E NT allow s model s t o 
be specifie d i n term s o f  interactin g processe s an d buffers ,  s o 
that ,  i n th e diagnosi s mode l  fo r  example ,  workin g memor y 
can b e modelle d mor e clearl y a s a  distinc t  informatio n stor e 
(se e Fo x &  Cooper ,  1997 ;  Cooper ,  1996 ;  Coope r  &  Franks , 
1996 ,  fo r  example s an d furthe r  details) . 

Withi n th e reconstruction ,  th e feature s o f  memor y retrieva l 
claime d t o b e critica l  b y Fo x (1980 )  (i.e. ,  tha t  mor e deter -
minat e disease/sympto m association s wil l  b e accesse d befor e 
les s determinat e disease/sympto m associations )  ar e capture d 
by buffe r  acces s function s provide d b y COGENT.  Significantly , 
manipulatio n o f  th e retrieva l  function s support s th e origina l 
conclusion :  th e fit  betwee n mode l  an d subjec t  performanc e 
disappear s wit h alternat e retrieva l  assumptions . 

Fox &  Coope r  (1997 )  presen t  tw o furthe r  model s base d 
on th e COGENT reimplementatio n whic h demonstrat e tha t  as -
sumption s abou t  th e specifi c  knowledg e representatio n ar e 
not  critical .  Thes e model s sho w tha t  th e sam e behaviou r  ca n 
be obtaine d fro m a  simpl e prepositiona l  rul e syste m (a s use d 
by Fo x (1980)) ,  a  first-order  diagnosi s system ,  o r  a  generi c 
decisio n procedure . 

Th e first-order  diagnosi s syste m an d generi c decisio n pro -
cedur e abstrac t  th e domain-specifi c  knowledg e o f  th e diagno -
si s tas k fro m th e rule s employe d i n makin g specifi c  decision . 
An importan t  residua l  issu e remains ,  however .  H o w d o peopl e 
actuall y acquir e domain-specifi c  knowledge ? Unti l  a n answe r 
ca n b e give n t o thi s question ,  th e first-order  an d generi c mod -
el s ar e cast e int o doubt . 

A Learning Study 

I n orde r  t o investigat e learnin g withi n th e diagnosi s tas k a 
furthe r  previousl y unpublishe d stud y wa s performe d b y Fo x 
when th e origina l  mode l  wa s developed .  I n contras t  t o th e 
origina l  study ,  hypothetica l  disease s — deptinnitis ,  malengi -
tis ,  ritengitis ,  tepittiti s  an d parontiti s  — wer e employed ,  thu s 
preventin g an y biase s fro m subjects '  previou s experience . 

T wo condition s wer e investigated .  I n th e first  conditio n th e 
relationshi p betwee n disease s an d symptom s wa s "sparse" ,  i n 
tha t  relativel y fe w symptom s wer e associate d wit h eac h dis -
ease .  I n th e secon d conditio n th e relationshi p wa s "dense" ;  o n 
averag e mor e symptom s wer e associate d wit h eac h disease . 
The matrice s o f  th e conditiona l  probabilitie s fo r  eac h condi -
tio n ar e give n i n tabl e I .  (Thus ,  fro m tabl e la ,  i t  ca n b e see n 
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Stiffnes s 
Vomitin g 
Headach e 
Earach e 
Pyrexi a 

Deptinniti s 
1.0 0 
0.0 0 
1.0 0 
0.0 0 
1.0 0 

Malengiti s 
1.0 0 
0.0 0 
0.2 5 
0.0 0 
0.2 5 

Ritengiti s 
0.0 0 
0.5 0 
1.0 0 
0.5 0 
1.0 0 

Tepittiti s 
0.0 0 
1.0 0 
0.0 0 
0.0 0 
0.2 5 

Parontiti s 
0.0 0 
0.0 0 
0.2 5 
1.0 0 
0.0 0 

a)  Probabilit y  o f  symptom s give n a  diseas e (spars e condition ) 

Stiffnes s 
Vomitin g 
Headach e 
Earach e 
Pyrexi a 

Deptinniti s 
0.0 0 
1.0 0 
0.0 0 
1.0 0 
0.0 0 

Malengiti s 
0.0 0 
1.0 0 
0.7 5 
1.0 0 
0.7 5 

Ritengiti s 
1.0 0 
0.5 0 
0.0 0 
0.5 0 
0.0 0 

Tepittiti s 
1.0 0 
0.0 0 
1.0 0 
1.0 0 
0.7 5 

Parontiti s 
1.0 0 
1.0 0 
0.7 5 
0.0 0 
1.0 0 

b)  Probabilit y  o f  symptom s give n a  diseas e (dens e condition ) 

Table 1: The conditional probabilities of each symptom (given a disease) used to generate hypothetical cases. 

tha t  th e probabilit y  o f  a  "patient "  havin g headach e give n tha t 
th e patien t  ha s malengiti s  is ,  i n th e spars e condition ,  0.25. ) 
Not e tha t  th e dens e an d spars e condition s ar e symmetrica l  i n 
tha t  th e conditiona l  probabilit y  o f  a  sympto m give n a  diseas e 
i n on e conditio n plu s th e correspondin g conditiona l  probabil -
it y  i n th e othe r  conditio n i s alway s 1.00 .  Th e tw o condition s 
ar e therefor e logicall y equivalent :  th e probabilit y  o f  a  patien t 
havin g diseas e D  wit h symptom s V ,  H' ,  an d X ,  bu t  no t  Y 
and Z  i n th e spars e conditio n i s th e sam e a s th e probabilit y 
of  a  patien t  havin g diseas e D  withou t  symptom s V ,  W ,  an d 
X,  bu t  wit h Y  an d Z  i n th e dens e condition .  Thi s manipula -
tio n wa s performe d i n orde r  t o investigat e th e genera l  finding 
tha t  peopl e ten d t o focu s o n positiv e data .  I t  wa s anticipate d 
that ,  despit e th e symmetr y o f  th e conditions ,  th e manipulatio n 
woul d affec t  th e learnin g spee d an d accuracy . 

The tas k consiste d o f  thre e block s eac h o f  twent y five  trials . 
On eac h trial ,  a  diseas e wa s chose n a t  rando m (subjec t  t o th e 
constrain t  tha t  eac h diseas e appea r  five  time s i n eac h block) . 
Once a  diseas e wa s selecte d fo r  a  particula r  trial ,  a  present -
in g sympto m wa s generate d wit h referenc e t o th e conditiona l 
probabilit y  matrix .  Th e probabilit y  o f  a  sympto m bein g se -
lecte d a s a  presentin g sympto m fo r  a  diseas e wa s proportiona l 
t o probabilit y  o f  th e sympto m give n th e disease .  Subject s 
wer e the n abl e t o quer y th e presenc e o r  absenc e o f  furthe r 
symptom s unti l  offerin g a  diagnosis . 

Eigh t  subject s too k par t  i n eac h condition .  (1 6 subject s 
i n total. )  Thei r  diagnosti c accurac y an d mea n numbe r  o f 
question s aske d ove r  eac h bloc k wer e recorded .  Summar y 
statistic s ar e show n i n tabl e 2 . 

Lookin g first  a t  th e result s o f  th e spars e condition ,  i t  ca n b e 
seen tha t  ther e i s a  substantia l  increas e i n diagnosti c accurac y 
betwee n th e first  an d secon d blocks ,  bu t  n o chang e betwee n 
th e secon d an d thir d blocks .  Th e increas e betwee n block s 
1 an d 2  i s significan t  (Wilcoxo n matched-pair s signed-ran k 
test ,  T  =  4 ,  n  =  8 ,  p  <  0.05) .  I n contrast ,  th e numbe r  o f 
symptom s querie d show s a  continue d decreas e ove r  al l  blocks . 
The decreas e betwee n block s 1  an d 2  approache s significanc e 
(Wilcoxon ,  T  =  6 ,  n  =  8 ,  p  «  0.055) ,  whil e th e decreas e 

Accurac y 
Querie s 

Bloc k 1 
4 4 % (16% ) 
3.18(0.40 ) 

Bloc k 2 
7 0 % (28% ) 
2.48(1.54 ) 

Bloc k 3 
7 0 % (16% ) 
2.0 4 (0.86 ) 

a)  Subjec t  Learnin g Dat a (spars e condition ) 

Accurac y 
Querie s 

Bloc k 1 
4 4 % (20% ) 
3.6 6 (0.72 ) 

Bloc k 2 
7 6 % (28% ) 
3.3 6 (0.60 ) 

Bloc k 3 
7 0 % (20% ) 
2.8 2 (0.48 ) 

b)  Subjec t  Learnin g Dat a (dens e condition ) 

Table 2: Subject learning data in both conditions. Data is 
give n a s media n (interquartil e range) . 

betwee n block s 2  an d 3  i s significan t  (Wilcoxon ,  T  — 3 , 
n =  8,p<0.02) . 

Simila r  comment s appl y t o th e result s fro m th e dens e con -
dition .  Agai n diagnosti c accurac y i s significantl y greate r 
on bloc k 2  tha n o n bloc k 1  (Wilcoxon ,  T  =  0 ,  n  =  7 
p <  0.01) ,  an d th e numbe r  o f  symptom s querie d decrease s 
betwee n block s 1  an d 2  an d block s 2  an d 3  (thoug h th e de -
crease s ar e no t  significan t  — mor e dat a woul d see m t o b e 
required :  Wilcoxon ,  T  =  3 ,  n  =  6 ,  p  <  0.08 ,  an d Wilcoxon , 
T =  1 ,  n  =  4 ,  p  <  0.10 ,  respectively) . 

Interestingly ,  diagnosti c accurac y i s no t  affecte d b y th e 
sparse/dens e manipulation ,  bu t  th e numbe r  o f  symptom s 
querie d is ,  bein g significantl y fewe r  i n th e spars e condi -
tio n acros s correspondin g block s (Wilcoxon/Mann-Whitney : 
Bloc k I :  w ,  =  36.5 ,  m =  n z =  8 ,  p  <  0.001 ;  Bloc k 2 : 
w,  =  50.5 ,  m =  n 2 =  8 ,  p  <  0.05 ;  Bloc k 3 :  w ,  =  48 , 
m =  n 2 =  8 ,p < 0.025 ) 

A Model of Learning 

The mode l  o f  learnin g whic h w e hav e develope d build s addi -
tivel y o n th e existin g COGENT mode l  o f  "expert "  performanc e 
on th e diagnosi s task .  I t  wa s develope d i n orde r  t o tes t  bot h 
th e origina l  mode l  — I s i t  consisten t  wit h processe s require d 
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fo r  learning ? — an d th e COGENT modellin g environmen t  — 
Does i t  provid e sufficien t  additiona l  modellin g power ,  beyon d 
th e tool s availabl e whe n th e initia l  productio n syste m mode l 
of  th e tas k wa s developed ,  t o accoun t  fo r  th e learnin g data ? 

The Basic Model 

Figur e 1  show s th e functiona l  module s (a s the y appea r  i n th e 
COGENT specification )  o f  th e diagnosi s mode l  wit h learning . 
The diagrammati c representatio n o f  th e mode l  o f  exper t  per -
formanc e i s th e sam e excep t  tha t  i t  lack s Learnin g Mechanis m 
and it s associate d arrows . 

Task 
Environmen t 

1̂  

\Inpul/Output y 

k\ 
Workin g 
Memory 

/  Learnin g 
\  Mechanis m 

- /  Decisio n 
- \  Procedur e 

Knowledg e 
Base 

CZD =  buffe r 

C ^  =  proces s 

Legen d 
A *  B  =  A  sends/write s t o B 

Figur e 1 :  Box/Arro w diagra m o f  th e mode l  wit h learnin g 

Th e functio n o f  eac h o f  th e boxe s i s a s follows .  Tas k Envi -
ronmen t  (th e detai l  o f  whic h i s no t  shown )  generate s subjec t 
data ,  present s i t  t o th e res t  o f  th e model ,  answer s querie s 
concernin g th e presence/absenc e o f  symptoms ,  an d record s 
al l  protocols .  I t  i s  no t  par t  o f  th e cognitiv e mode l  bu t  i s 
implemente d withi n C O G E NT s o a s t o automat e th e dat a pre -
sentatio n an d analysis .  Input/Outpu t  model s th e subject' s 
perceptual/articulator y processes .  Message s fro m Tas k Envi -
ronmen t  trigge r  addition s t o Workin g M e m o r y (e.g. ,  addin g 
informatio n abou t  th e presenc e o f  a  symptom) ,  an d th e ex -
istenc e o f  appropriat e element s i n Workin g M e m o r y trigge r 
generatio n o f  articulator y outpu t  (e.g. ,  a  quer y abou t  a  symp -
tom) .  Workin g M e m o r y i s a  passiv e dat a stor e i n whic h in -
formatio n abou t  th e curren t  cas e i s  store d an d manipulated . 
Ther e i s n o deca y of ,  o r  limi t  on ,  th e informatio n store d here . 
Decisio n Procedur e i s a  se t  o f  inferenc e rule s whic h modif y 
Workin g Memory ,  implementin g th e basi c diagnosti c strategy . 
Th e rule s ar e generi c an d first-order,  bu t  instantiate d fo r  th e 
particula r  tas k b y th e subject' s belief s abou t  symptom s an d 
disease s (whic h ar e store d i n Knowledg e Base) .  I n th e mode l 
of  "expert "  performance .  Knowledg e Bas e i s initialise d wit h 

informatio n o f  symptom/diseas e association s base d o n sub -
jects '  response s t o th e interleave d memor y tas k i n th e origina l 
stud y (Fox ,  1980) ,  ordere d accordin g t o respons e times ,  suc h 
tha t  symptom/diseas e association s whic h ar e mor e quickl y 
confirmed/disconfirme d ar e accesse d befor e thos e whic h ar e 
les s quickl y confirmed/disconfirmed . 

Processin g i n th e exper t  mode l  i s  initiate d whe n a  presentin g 
sympto m i s receive d b y Input/Outpu t  fro m Tas k Environment . 
Th e correspondin g informatio n (e.g. ,  t o l d (vomi t ing , 
p r e s e n t ) )  i s  immediatel y adde d t o Workin g Memory .  Thi s 
trigger s a  ru\ e i n Decisio n Procedur e whic h augment s Workin g 
Memory wit h th e se t  o f  disease s whic h th e presentin g symp -
to m suggest s (ordere d accordin g t o accessibilit y  i n Knowledg e 
Store) .  Th e presenc e o f  suspecte d disease s i n Workin g Mem-
or y prompt s recal l  o f  thei r  associate d symptom s (throug h a 
secon d Decisio n Procedur e rule) .  A t  thi s stag e o f  process -
in g Workin g Memor y migh t  contai n th e followin g element s 
(wher e th e lef t  colum n show s th e cycl e numbe r  o n whic h th e 
elemen t  appeare d i n th e buffer) : 

py rex ia ,  p r e s e n t ) . 
vomi t i ng ,  present ) 
vomi t i ng ,  present ) 
s u s p e c t e d ) . 
s u s p e c t e d ) . 

5:  expec ted( tep i t t i t i s , 
5:  expec ted ( tep i t t i t i s , 
5:  expec ted( r i teng i t i s , 
4:  d i seases ( tep i t t i t i s , 
4:  d i seases ( r i t eng i t i s , 
3:  to ld (vomi t ing ,  p r e s e n t ) . 

I f  a t  thi s (o r  any )  stage ,  ther e exist s a  sympto m whic h 
i s explicitl y  expecte d t o b e p resen t  give n on e diseas e bu t 
absen t  give n another ,  the n a  discriminatio n rul e wil l  trigge r 
a quer y ove r  tha t  symptoms '  valu e (present/absent) .  Thi s 
i s no t  th e cas e i n th e situatio n show n above .  Instea d a  mor e 
genera l  rul e querie s th e first  sympto m (tha t  ha s no t  previousl y 
been queried )  retrieve d fro m th e knowledg e base ,  i n thi s cas e 
pyrexia .  Th e promp t  fo r  Input/Outpu t  t o as k th e questio n 
appear s i n Workin g Memor y o n cycl e 6 : 

6:  que ry (py rex ia ,  p r e s e n t ) . 

Severa l  cycle s late r  th e respons e t o thi s quer y appear s i n Work -
in g Memor y (vi a Input/Output) : 

9:  to ld (pyrex ia ,  a b s e n t ) . 

Thi s count s agains t  tep i t t i t i s ,  but ,  mor e importantly ,  th e 
subjec t  ha s (incorrectly )  inferre d fro m previou s experienc e 
tha t  th e presenc e o f  v o m i t i n g an d th e absenc e o f  py rex i a 
impl y tha t  th e patien t  ha s r i teng i t i s .  Thi s i s thu s th e 
diagnosi s suggested ; 

10:  diagnosis- i s ( r i tengi t is )  . 

Adding Learning 

One advantag e o f  a  first  orde r  mode l  (ove r  a  purel y proposi -
tiona l  one )  i s tha t  i t  separate s tas k knowledg e (o f  whic h sub -
ject s star t  wit h none )  fro m strategi c knowledge .  I f  w e assum e 
tha t  subjects '  strategi c knowledg e doe s no t  chang e throughou t 
th e tas k (no t  i n itsel f  a n unproblemati c assumption) ,  the n th e 
improvemen t  i n subjects '  performanc e acros s block s ca n b e 
attribute d entirel y t o th e accumulation/modificatio n o f  task -
specifi c  knowledge .  Th e separatio n therefor e make s clea r 
what  th e subjec t  mus t  lear n durin g th e task . 

The first-order  knowledg e stor e contain s informatio n i n 
thre e forms : 
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sugges t s (Symptom ,  D i s e a s e ) :  Thi s i s use d t o deter -
min e whic h disease s shoul d b e suspecte d give n th e presenc e 
of  a  specifi c  symptom .  I f  S y m p t o m i s know n t o b e presen t 
the n D i s e a s e wil l  b e suspected . 

a s s o c i a t i o n ( D i s e a s e ,  S y m p t o m ,  V a l u e ) :  Thi s i s 
use d t o determin e whic h symptom s t o expec t  whe n con -
siderin g th e possibilit y  tha t  th e patien t  ha s a  give n disease . 
V a l u e i s eithe r  p r e s e n t  o r  absen t . 

p a t t e r n (D isease ,  S y m p t o m L i s t ) :  Thi s i s use d i n ac -
tuall y makin g a  diagnosis .  I f  D i s e a s e i s suspecte d an d 
th e sympto m configuratio n specifie d i n S y m p t o m L i s t  i s 
know n t o hol d the n D i s e a s e wil l  b e offere d a s th e diag -
nosis . 

Learnin g Mechanis m contain s rule s whic h specif y h o w eac h 
for m o f  informatio n i s learnt . 

Learning triggering symptoms The model uses two rules 
t o lear n sugges t s clauses ,  bot h triggere d b y feedbac k o n a 
diagnosi s appearin g i n Workin g Memory : 

I .  sugges t s clause s correspondin g t o symptom s know n t o 
be presen t  fo r  th e actua l  diseas e ar e added ; 

2.  sugges t s clause s correspondin g t o symptom s know n t o 
be absen t  fo r  th e actua l  diseas e ar e deleted . 

I n orde r  t o forc e th e mode l  t o initiall y  conside r  al l  diseases ,  i t  i s 
initiall y  assume d tha t  al l  symptom s sugges t  al l  diseases .  Thi s 
i s reflecte d i n th e initia l  stat e o f  Knowledg e Base .  A s learnin g 
proceeds ,  man y symptom/diseas e pair s ar e delete d fro m th e 
knowledg e base ,  an d th e one s tha t  remai n ar e reordere d suc h 
tha t  th e mos t  recentl y observe d association s ar e retrieve d first. 
Thi s reordering ,  whic h i s performe d automaticall y throug h 
propertie s specifie d o n th e COGENT buffe r  tha t  implement s 
Knowledg e Base ,  i s consisten t  wit h th e result s o f  Fo x (1980) . 

Learnin g expecte d symptom s W h e n feedbac k o n a  diag -
nosi s i s received : 

1.  i f  th e sympto m i s  presen t  a  p r e s e n t  associatio n i s 
recorded ; 

2.  ifthesymptomisabsenta n a b s e n t  associatio n i s recorded ; 

3.  i f  th e sympto m i s unknow n the n an y existin g associatio n i s 
deleted . 

Thes e rule s ar e naiv e i n tha t  the y d o no t  merg e existin g knowl -
edge wit h knowledg e whic h ma y b e inferre d fro m th e curren t 
case .  Logically ,  i t  migh t  b e mor e correct ,  fo r  example ,  t o infe r 
no associatio n betwee n a  diseas e an d a  sympto m onl y whe n 
we hav e see n th e diseas e bot h wit h an d withou t  th e symptom . 
However ,  i t  appear s tha t  suc h intelligen t  rule s ar e no t  require d 
i n orde r  t o simulat e subjec t  performance . 

I t  i s  assume d initiall y  tha t  al l  disease s an d symptom s ar e 
positivel y associated .  Ther e i s littl e motivatio n fo r  thi s as -
sumption ,  excep t  tha t  som e association s nee d t o b e presen t  i n 
orde r  fo r  th e mode l  t o function .  A n alternat e approac h woul d 
be t o includ e furthe r  specia l  purpose  rules .  However ,  w e be -
liev e tha t  th e assumptio n i s no t  critical ,  a s th e abov e learnin g 
rule s ensur e tha t  i t  onl y ha s a n effec t  o n th e first  fe w trials . 

Learnin g s y m p t o m configuration s I t  i s  informatio n abou t 
disease/sympto m configuration s (i.e. ,  p a t t e r n clauses )  tha t 

has th e larges t  effec t  o n th e model' s performanc e (bot h i n 
term s o f  diagnosti c accurac y an d numbe r  o f  querie s befor e a 
diagnosis) .  Initially ,  ther e i s n o p a t t e r n information ,  an d 
diagnose s ar e base d purel y o n a  guessin g strategy .  O n receiv -
in g feedbac k o f  th e correc t  diagnosis ,  al l  know n symptom s 
ar e collecte d int o a  lis t  whic h i s  merge d wit h an y existin g 
pattern s fo r  th e disease .  I f  n o pattern s ar e present ,  th e lis t  i s 
adde d a s a  possibl e sympto m configuratio n fo r  th e disease . 
Otherwise ,  i f  som e othe r  patter n exist s fo r  th e disease ,  an d 
tha t  patter n differ s fro m th e ne w patter n b y jus t  on e sympto m 
(whic h i s know n t o b e presen t  i n on e patter n an d absen t  i n 
th e other) ,  the n tha t  sympto m i s remove d fro m th e existin g 
pattern ,  yieldin g a  shorter ,  generalised ,  pattern .  I f  th e mode l 
makes a n incorrec t  diagnosis ,  an d tha t  diagnosi s wa s base d o n 
an existin g patter n (i.e. ,  i t  wasn' t  a  guess) ,  the n th e incorrec t 
patter n i s remove d fro m Knowledg e Base . 

Results 

As note d above .  Tas k Environmen t  simulate d th e generatio n 
and presentatio n o f  stimul i  an d response s t o th e model ,  usin g 
th e sam e procedur e a s wa s use d i n th e initia l  study .  Us -
in g this ,  th e mode l  wa s ru n eigh t  time s fo r  eac h conditio n 
(sparse/dense) .  Eac h ru n consiste d o f  3  block s o f  2 5 trial s (a s 
i n th e initia l  study )  an d o n eac h bloc k th e mea n numbe r  o f 
symptom s querie d an d diagnosti c accurac y wer e recorde d (a s 
i n th e initia l  study) .  Summar y statistic s ar e show n i n tabl e 3 . 

Accurac y 
Querie s 

Bloc k 1 
5 6 % (0% ) 
2.9 2 (0.84 ) 

Bloc k 2 
7 4 % (12% ) 
1.72(0.28 ) 

Bloc k 3 
7 8 % (8% ) 
1.64(0.24 ) 

a)  Mode l  Learnin g Dat a (spars e condition ) 

Accurac y 
Querie s 

Bloc k 1 
6 8 % (8% ) 
3.9 6 (0.08 ) 

Bloc k 2 

96% (4% ) 
3.8 8 (0.04 ) 

Bloc k 3 
96% (8% ) 
3.8 2 (0.08 ) 

b)  Mode l  Learnin g Dat a (dens e condition ) 

Table 3: Model learning data in both conditions. Data is given 
as media n (interquartil e range) . 

The dat a wer e analyse d usin g th e sam e non-parametri c test s 
as wer e use d t o analys e th e subjec t  data .  I n th e spars e con -
dition ,  th e increas e i n diagnosti c accurac y betwee n block s 1 
and 2  i s significan t  (Wilcoxo n matched-pair s signed-ran k test , 
T =  1 ,  n  =  6 ,  p  <  0.05) ,  a s i s th e decreas e i n symptom s 
querie d (Wilcoxon ,  T  =  0 ,  n  =  8 ,  p  <  0.005) .  Thi s fits 
wit h th e subjec t  data .  However ,  unlik e th e subjec t  dat a ther e 
i s n o significan t  differenc e betwee n diagnosti c accurac y an d 
symptom s querie d betwee n block s 2  an d 3 .  I n th e dens e con -
ditio n th e patter n o f  significanc e follow s exactl y tha t  o f  th e 
subjec t  data .  Diagnosti c accurac y increase s betwee n block s 1 
and 2  (Wilcoxon ,  T  =  0 ,  n  =  8 ,  p  <  0.005 )  bu t  no t  betwee n 
block s 2  an d 3  (Wilcoxon ,  T  =  10.5 ,  n  =  7 ,  p  >  0.05) , 
wherea s symptom s querie d decrease s significantl y acros s al l 
block s (Block s 1  an d 2 :  Wilcoxon ,  T  =  3 ,  n  =  7 ,  p  <  0.05 ; 
Block s 2  an d 3 :  Wilcoxon ,  T  =  4 ,  n  =  8 ,  p  <  0.05) .  Bot h 
diagnosti c accurac y an d symptom s querie d ar e significantl y 
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les s i n th e spars e conditio n tha n i n th e dens e condition . 

Discussion 

Althoug h th e simulatio n dat a differ s quantitativel y fro m th e 
subjec t  data ,  th e mode l  exhibit s a  numbe r  o f  qualitativ e sim -
ilaritie s t o th e subjects .  Firstly ,  bot h subject s an d th e mode l 
ar e affecte d b y th e dense/spars e manipulation .  Recal l  tha t  th e 
ther e i s n o logica l  differenc e betwee n th e tasks .  Th e diagnosi s 
model  treat s positivel y an d negativel y informatio n differently , 
however ,  an d thi s ha s a  ver y significan t  impac t  upo n learning . 

Dat a fro m th e spars e conditio n closel y reflec t  subjec t  per -
formance ,  althoug h th e reductio n i n symptom s querie d ove r 
th e secon d an d thir d block s wa s no t  significant .  Learnin g 
is ,  i f  anything ,  slightl y to o effective ,  wit h th e mode l  tendin g 
t o quer y fewe r  symptom s tha n th e subjects .  However ,  th e 
model' s fi t  wit h som e subject s i s impressive :  subjec t  6 ,  fo r 
example ,  wa s 6 8 % accurat e i n th e final  block ,  queryin g o n 
averag e 1.7 0 symptoms . 

Wit h regar d t o th e dens e condition ,  th e numbe r  o f  symptom s 
querie d decrease s acros s blocks ,  bu t  no t  a s sharpl y a s i n th e 
subjec t  data ,  an d diagnosti c accurac y increase s t o ceilin g b y 
th e secon d block .  B y queryin g mos t  symptom s th e mode l 
i s abl e t o perfor m almos t  perfectly .  Close r  inspectio n o f  th e 
subjec t  dat a reveal s tha t  thi s patter n o f  performanc e di d occur : 
subjec t  4  wa s 9 2 % accurat e i n th e final  block ,  queryin g o n 
averag e 3.2 4 symptoms . 

Ther e ar e man y aspect s o f  th e mode l  whic h rais e furthe r 
questions .  Alternative s exis t  fo r  man y o f  th e learnin g rules , 
fo r  example .  I t  remain s t o b e see n ho w sensitiv e learnin g 
i s t o modificatio n o f  thes e rules .  Coul d simila r  behaviou r 
resul t  fro m differen t  rules ? I f  so ,  ar e ther e "critical "  feature s 
of  th e learnin g rule s whic h lea d t o performanc e simila r  t o 
tha t  o f  ou r  subjects ? Ther e wa s considerabl e inter-subjec t 
variability .  Ca n individua l  difference s b e accounte d fo r  i n 
term s o f  differen t  learnin g strategies ? 

I n a  firs t  attemp t  t o loo k a t  som e o f  thes e issue s w e hav e 
considere d on e variatio n o n th e patter n learnin g rule :  thi s rule , 
on receivin g feedback ,  finds  th e larges t  subse t  o f  symptom s 
share d betwee n th e curren t  instanceofthediseasean d an y pre -
viou s instance ,  an d use s tha t  a s th e basi s fo r  futur e diagnoses . 
Althoug h superficiall y  sensible ,  thi s rul e yield s particularl y 
bad learnin g performance ,  wit h th e model' s accurac y bein g 
reduce d t o littl e mor e tha n chance ,  an d wit h th e numbe r  o f 
symptom s querie d bein g reduce d t o nea r  zero .  Curiously ,  thi s 
patter n o f  performanc e wa s als o observe d i n severa l  subjects . 
Were suc h subject s adoptin g poo r  learnin g strategies ,  o r  wer e 
motivationa l  factor s influencin g thei r  performance ? 

I t  m a y als o b e possibl e t o accoun t  fo r  mor e o f  th e varianc e 
i n th e subjec t  dat a b y th e introductio n o f  performanc e factors . 
Th e mode l  a s i t  stand s i s a  competenc e model .  Al l  buffers , 
fo r  example ,  ar e assume d t o b e perfec t  storag e devices .  I n th e 
ligh t  o f  thi s fac t  i t  i s  no t  surprisin g tha t  th e mode l  generall y 
doe s slightl y bette r  tha n subjects .  (Wha t  i s perhap s surprisin g 
i s h o w wel l  som e subject s ar e abl e t o d o th e task. )  H o w -
ever ,  a  secon d lin e o f  curren t  wor k i s examinin g th e effec t  o f 
decreasin g th e efficienc y o f  learnin g (bot h b y addin g proba -
bilisti c  firin g t o th e learnin g rules ,  suc h tha t  no t  al l  rule s fire 
i n al l  situations ,  an d b y addin g deca y t o Knowledg e Base) . 

Althoug h thi s appear s promisin g i n accountin g fo r  man y o f 
th e mor e averag e subjects ,  w e ar e awar e tha t  suc h a n approac h 
need s methodologica l  car e i n orde r  t o avoi d charge s o f  dat a 
fitting. 

Conclusion 

Our  initia l  concer n wa s wit h th e developmen t  o f  cognitive , 
rathe r  tha n algebraic ,  model s o f  decisio n makin g unde r  un -
certainty .  W e hav e reporte d dat a o n learnin g i n a  diagnosi s 
tas k an d presente d a  mode l  o f  learnin g i n th e domai n (devel -
ope d a s a n extensio n t o a n existin g mode l  o f  th e task) .  Th e 
resultan t  mode l  i s ver y encouraging ,  demonstratin g man y o f 
th e learnin g effect s see n i n th e subjec t  data .  Th e inclusio n o f 
learnin g furthe r  support s th e cognitiv e claim s o f  th e origina l 
model ,  an d strengthen s ou r  argumen t  fo r  th e rol e o f  cognitiv e 
model s withi n th e field  o f  judgemen t  an d decisio n making .  I n 
addition ,  th e mode l  provide s a  furthe r  demonstratio n o f  th e 
power  o f  th e COGENT modellin g environment ,  withou t  whic h 
th e curren t  wor k woul d hav e bee n vastl y mor e difficult . 
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