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Abstrac t 

The field of Judgement and Decision Making has for some 
tim e bee n dominate d b y normativ e theorie s whic h attemp t  t o 
explai n behaviou r  i n mathematica l  terms .  We argu e tha t  suc h 
approache s provid e httl e insigh t  int o th e cognitiv e processe s 
whic h gover n huma n decisio n making .  Th e dominanc e o f  nor -
mativ e theorie s canno t  b e accounte d fo r  b y th e intractabilit y 
of  processin g models .  I n suppor t  o f  thi s view ,  w e presen t  a 
processin g accoun t  o f  performanc e o n a  simulate d medica l  di -
agnosi s task .  Th e performanc e o f  th e model ,  whic h include s 
learning ,  i s  compare d wit h tha t  o f  a  normativ e (Bayesian ) 
model ,  an d wit h subjec t  performanc e o n th e task .  Althoug h 
ther e ar e som e caveats ,  th e processin g mode l  i s  foun d t o pro -
vid e a  mor e adequat e accoun t  o f  subjec t  performanc e tha n th e 
Bayesia n model . 

Introduct io n 

A tensio n arise s i n man y area s o f  cognitiv e psycholog y be -

twee n mathematica l  account s an d processin g account s o f  be -

haviour .  Mathematica l  account s attemp t  t o develo p equation s 

wit h whic h behaviou r  ca n b e describe d o r  predicted .  Thi s 

typicall y result s i n normativ e theories .  Interes t  the n focusse s 

on systemati c departure s fro m normativ e behaviour .  Process -

in g account s ar e les s concerne d wit h numerica l  relationship s 

betwee n stimul i  an d responses .  Instead ,  thes e account s fo -

cus o n th e underlyin g sequenc e o f  informationa l  state s tha t  a 

cognitiv e agen t  progresse s throug h i n th e processin g o f  stim -

ul i  leadin g u p t o th e generatio n o f  a  response .  Th e tensio n 

i s exemplifie d b y th e field  o f  Judgemen t  an d Decisio n Mak -

in g (JDM) ,  wher e th e dominan t  approac h has ,  fo r  severa l 

decades ,  bee n a  normativ e (i.e .  mathematical )  one . 

Accordin g t o th e normativ e view ,  huma n decisio n mak -

in g unde r  uncertaint y ca n b e describe d i n probabilisti c  terms . 

Give n a  se t  o f  options ,  eac h wit h severa l  possibl e outcomes , 

th e optio n chose n i s tha t  whic h maximise s expecte d utility , 

wher e th e expecte d utilit y  o f  a n optio n i s th e su m o f  th e sub -

jectiv e valu e o f  eac h possibl e outcom e multiplie d b y th e sub -

jectiv e probabilit y o f  eac h outcom e give n tha t  th e optio n i s 

chosen .  Th e cos t  o f  eac h optio n ma y als o b e include d i n 

thi s calculation .  (See ,  fo r  example ,  Lindley ,  1985. )  Atten -

tio n withi n th e normativ e J D M communit y ha s focusse d o n 

th e investigatio n o f  heuristic s whic h influenc e th e relationshi p 

betwee n objectiv e an d subjectiv e probabilit y  an d betwee n ob -

jectiv e an d subjectiv e value .  (See ,  fo r  example ,  Tversk y & 

Kahneman,  1974. ) 

Despit e th e arguabl e successe s o f  th e normativ e approac h 

t o J D M ,  suc h approache s sa y littl e abou t  th e cognitiv e pro -

cesse s underlyin g decisio n making .  Ther e i s now ,  however , 

a growin g bod y o f  researc h whic h addresse s thes e processes . 

Fox (1980) ,  fo r  example ,  studie d a  simplifie d medica l  diag -

nosi s task ,  i n whic h eac h subjec t  playe d th e rol e o f  a  doc -

to r  attemptin g t o diagnos e a  serie s o f  patients .  Withi n th e 

tas k (describe d i n mor e detai l  below )  symptom s wer e prob -

abilisticall y associate d wit h diseases ,  suc h that ,  fo r  example , 

headach e occure d i n 7 5 % o f  case s o f  meningitis .  Subject s 

wer e give n severa l  block s o f  trial s i n whic h t o lear n th e task . 

On a  final  bloc k o f  trial s thre e dependen t  measure s — diag -

nosti c accuracy ,  numbe r  o f  symptom s queried ,  an d th e orde r 

i n whic h symptom s wer e querie d — wer e collected . 

The relevan t  normativ e mode l  i n th e cas e o f  diagnosi s task s 

i s base d o n th e applicatio n o f  Bayes '  theorem .  I n Fox' s tas k 

thi s allows ,  fo r  eac h disease ,  th e probabilit y  tha t  a  patien t 

has tha t  diseas e give n th e patient' s symptom s an d th e prob -

abilit y  o f  eac h sympto m give n eac h disease ,  t o b e calculated . 

Fox (1980 )  develope d mathematica l  (i.e .  Bayesian )  an d pro -

cessin g account s o f  subjects '  performanc e i n th e task .  Th e 

Bayesia n mode l  yielde d a  reasonabl e fit  t o al l  thre e measure s 

of  subjec t  performance ,  bu t  thi s fit  wa s a t  leas t  matche d b y 

th e symboli c model .  Fo x &  Coope r  (1997 )  replicate d thes e 

result s wit h a  first-order,  domai n independent ,  versio n o f  th e 

symboli c model . 

I n furthe r  work .  Coope r  &  Fo x (1997 )  reporte d learnin g 

dat a fo r  th e task .  Thi s dat a i s derive d from  subjects '  perfor -

mance ove r  a  serie s o f  block s o f  trials .  Subject s begi n th e 

tas k i n a  naiv e state ,  performin g a t  chanc e level s (which ,  wit h 

five  possibl e diseases ,  correspond s t o a  diagnosti c accurac y o f 

2 0 % ) .  Afte r  thre e block s man y subject s achiev e a  diagnosti c 

accurac y o f  ove r  8 0 % .  T w o conditions ,  differin g i n th e aver -

age numbe r  o f  symptom s associate d wit h eac h disease ,  wer e 

explore d i n th e learnin g task .  Coope r  &  Fo x (1997 )  als o ex -

tende d th e first  orde r  symboli c mode l  o f  Fo x &  Coope r  (1997 ) 

t o provid e a n accoun t  o f  learning .  Onl y tw o dependen t  mea -
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Tabl e 1 :  Conditiona l  probabilitie s o f  symptom s give n disease s i n eac h matri x condition . 

Matri x 

Dense 

Spars e 

Diarrhoe a 

Feve r 

Headach e 

Paralysi s 

Vomitin g 

Diarrhoe a 

Feve r 

Headach e 

Paralysi s 

Vomitin g 

Mesiopath y 

1.0 0 

{).()( ) 

0.7 5 

0.7 5 

1.0 0 

0.0 0 

1.0 0 

0.2 5 

0.2 5 

0.0 0 

Ritengiti s 

0.5 0 

1.0 0 

0.0 0 

0.0 0 

0.5 0 

0.5 0 

0.0 0 

1.0 0 

1.0 0 

0.5 0 

Katalgi a 

1.0 0 

1.0 0 

1.0 0 

0.7 5 

0.0 0 

0.0 0 

0.0 0 

0.0 0 

0.2 5 

1.0 0 

Bonanoma 

0.0 0 

1.0 0 

0.7 5 

1.0 0 

1.0 0 

1.0 0 

0.0 0 

0.2 5 

0.0 0 

0.0 0 

sure s wer e collecte d i n th e learnin g tas k (diagnosti c accurac y 

and numbe r  o f  symptom s queried) ,  bu t  th e extende d mode l 

exhibite d th e observe d qualitativ e difference s i n thes e mea -

sures ,  bot h withi n an d betwee n th e conditions . 

Thi s pape r  continue s th e researc h programm e b y 1 )  re -

portin g ne w dat a replicatin g an d extendin g tha t  reporte d b y 

Cooper  &  Fo x (1997) ;  an d 2 )  extendin g th e Bayesia n mode l 

of  th e tas k t o includ e learnin g an d questio n orderin g strate -

gies .  Th e replicatio n reporte d her e include s th e thir d depen -

dent  measure ,  th e orde r  i n whic h symptom s wer e queried , 

not  previousl y recorde d fo r  th e learnin g versio n o f  th e task . 

Thes e data ,  fo r  th e final  bloc k o f  trials ,  ar e use d i n a  one -

pl y analysis ,  wher e w e compar e subjects '  initia l  behaviou r 

give n a  presentin g sympto m — whethe r  the y questio n an y o f 

th e remainin g symptom s o r  offe r  a  diagnosi s — wit h predic -

tion s derive d fro m bot h models '  initia l  behaviour .  Ou r  result s 

agai n suppor t  th e vie w tha t  th e symboli c mode l  capture s hu -

m an performanc e a t  leas t  a s wel l  a s th e Bayesian  model . 

The res t  o f  th e pape r  begin s b y introducin g th e tas k i n som e 

detail .  W e the n describ e th e relevan t  feature s o f  eac h o f  th e 

computationa l  models ,  befor e reportin g empirica l  findings. 

We conclud e b y evaluatin g eac h o f  th e model s i n th e ligh t 

of  ou r  empirica l  findings. 

The Task 

Withi n th e simulate d medica l  diagnosi s tas k subject s ar e re -

quire d t o diagnos e a  numbe r  o f  "patients" .  Ther e i s a  fixed 

set  o f  symptom s an d disease s fro m whic h eac h patien t  migh t 

be suffering .  Fiv e symptom s an d fou r  disease s ar e use d i n th e 

experiment s reporte d here .  Eac h patien t  i s  sufferin g fro m on e 

and onl y on e disease .  Thi s diseas e manifest s itsel f  i n th e pa -

tient' s symptoms .  Eac h patien t  ha s a t  leas t  on e symptom ,  th e 

presentin g symptom .  I n additio n patient s m a y hav e an y o r  al l 

of  th e fou r  remainin g symptoms . 

Each tria l  begin s wit h th e subjec t  bein g tol d th e curren t  pa -

tient' s presentin g symptom .  Th e subjec t  m a y the n quer y th e 

presenc e o r  absenc e o f  an y o f  th e remainin g symptoms ,  an d 

ca n offe r  a  diagnosi s a t  an y point .  W h e n a  diagnosi s i s given , 

th e subjec t  i s  informe d o f  it s  correctness ,  and ,  i f  incorrect ,  o f 

th e diseas e th e patien t  wa s actuall y sufferin g from .  I t  i s  thi s 

feedbac k tha t  allow s subject s t o lear n th e task . 

The tas k wa s designe d t o b e relativel y naturalistic ,  whils t 

maintainin g a  hig h leve l  o f  experimenta l  control .  O f  partic -

ula r  importanc e ar e th e numbe r  an d variet y o f  measure s o f 

performanc e whic h th e tas k make s available .  A t  a  purel y nu -

meri c level ,  eac h bloc k o f  trial s provide s measure s o f  diag -

nosti c accurac y an d mea n numbe r  o f  question s aske d befor e 

diagnosis .  Importantly ,  th e tas k als o provide s informatio n 

concernin g sequentia l  processin g b y subject s i n th e for m o f 

questio n orderin g preferences . 

The tas k i s als o ope n t o a  variet y o f  manipulations .  A s 

note d above ,  Coope r  &  Fo x (1997 )  reporte d dat a fro m tw o 

condition s differin g i n th e averag e numbe r  o f  symptom s as -

sociate d wit h eac h disease .  Thes e ar e furthe r  explore d here . 

I n th e "sparse "  condition ,  eac h diseas e i s characterise d b y rel -

ativel y fe w symptoms .  I n th e "dense "  conditio n eac h diseas e 

has th e revers e sympto m patter n t o tha t  o f  th e spars e condi -

tion ,  s o eac h diseas e ha s relativel y man y symptoms . 

The presenc e o f  symptom s i s probabilistic ,  wit h sympto m 

pattern s bein g generate d fro m table s o f  conditiona l  probabil -

itie s o f  symptom s give n diseases ,  an d presentin g symptom s 

ar e selecte d accordin g t o a  functio n weighte d b y th e symp -

toms '  conditiona l  probabilitie s give n diseases .  Tabl e 1  show s 

th e conditiona l  probabilitie s o f  symptom s give n eac h diseas e 

i n eac h condition .  I n on e sense ,  th e dens e an d spars e condi -

tion s ar e informationall y identical :  give n tha t  symptom s ar e 

eithe r  presen t  o r  absent ,  presenc e o f  a  sympto m i n on e con -

ditio n i s informationall y equivalen t  t o absenc e i n th e othe r 

conditio n an d vic e versa .  I n anothe r  sens e th e condition s 

diffe r  significantly :  patient s alway s presen t  wit h a  sympto m 

(rathe r  tha n withou t  a  symptom) .  I n th e dens e conditio n mor e 

disease s ar e associated ,  o n average ,  wit h eac h positiv e symp -

to m tha n i n th e spars e condition .  Hence ,  th e initia l  presentin g 

sympto m carrie s les s informatio n i n th e dens e conditio n tha n 

i n th e spars e condition . 

Computational Models 

Two model s o f  performanc e o f  th e tas k — on e Bayesia n 

and on e Symboli c — hav e bee n develope d withi n th e CO-

GENT modellin g environmen t  (Coope r  &  Fox ,  i n press) .  Co -
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G E NT provide s a  numbe r  o f  facilitie s whic h simplif y th e de -

velopmen t  an d specificatio n o f  cognitiv e models ,  includin g a 

graphica l  interfac e t o a  rul e base d modellin g language ,  an d 

tool s fo r  Mont e Carl o simulatio n o f  multipl e subjects . 

The Basic Model 

Figur e 1  show s th e functiona l  module s (a s the y appea r  i n th e 

C o g e n t  specification )  o f  bot h th e Bayesia n an d Symboli c 

diagnosi s model s wit h learning . 

Tusk 
Emironmen l 

Input/Outpu t  y 

A* 
W'tirkmi ; 
Memory 

< Learnin g 
Mt' L hanis m 

DciisiD n 
Proceiliir e 

KlUiwU'diii ' 
Bast '  ' 

C Z)  =  buffe r 

<IZ> = process 

Legend 
A »•  B  =  A  sends/write s t o B 

A—^ B = A reads from B 

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

fro m Fo x &  Coope r  (1997) . 

The functio n o f  eac h o f  th e boxe s i s a s follows .  Tas k En -

vironmen t  (whic h i s no t  show n i n detail )  generate s subjec t 

data ,  present s  i t  t o th e res t  o f  th e model ,  answer s querie s con -

cernin 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 imple -

mente d withi n C o g e n t  s o a s t o automat e th e dat a presenta -

tio n an d analysis .  Input/Outpu t  model s th e subject' s percep -

tual/articulator y processes .  Message s fro m Tas k Environmen t 

trigge r  addition s t o Workin g Memor y (e.g. ,  addin g informa -

tio n abou t  th e presenc e o f  a  symptom) ,  an d th e existenc e o f 

appropriat e element s i n Workin g Memor y trigge r  generatio n 

of  articulator y outpu t  (e.g. ,  a  quer y abou t  a  symptom) .  Work -

in g Memor y i s a  passiv e dat a stor e i n whic h informatio n abou t 

th e curren t  cas e i s store d an d manipulated .  Ther e i s n o limi t 

on ,  o r  deca y of ,  th e informatio n store d here ,  an d i n bot h mod -

el s informatio n i s retrieve d i n th e sam e orde r  a s i t  i s  added , 

tha t  is ,  acces s i s First-In/First-Out . 

Decisio n Procedur e i s a  se t  o f  inferenc e rule s whic h mod -

if y Workin g Memory ,  implementin g th e basi c diagnosti c strat -

egy ,  whic h differ s fo r  th e Bayesia n an d Symboli c models . 

The detail s o f  th e Symboli c mode l  hav e alread y bee n pub -

lishe d i n Coope r  &  Fo x (1997) ,  bu t  t o summaris e briefly ,  re -

ceip t  o f  a  t o l d ( S y m p t o m ,  V a l u e )  messag e i n Workin g 

Memory trigger s a  rul e i n Decisio n Procedur e whic h aug -

ment s Workin g Memor y wit h th e se t  o f  disease s whic h ar e 

suggeste d b y th e presentin g symptom .  Th e presenc e o f  sus -

pecte d disease s i n Workin g Memor y the n prompt s recal l  o f 

thei r  associate d symptom s (throug h a  secon d Decisio n Pro -

cedur e rule) .  On e o f  thes e symptom s i s the n selecte d a s a 

query ,  an d sen t  t o Input/Output .  Diagnosi s depend s o n a  De -

cisio n Procedur e rul e whic h matche s th e sympto m patter n 

wit h characteristi c sympto m pattern s store d i n Knowledg e 

Base ;  symptom s ar e querie d sequentiall y  unti l  th e diagnosi s 

rul e succeed s i n matching  a  store d pattern . 

I n th e Bayesia n model ,  b y contrast ,  receip t  o f  a 

t o l d (Symp tom ,  V a l u e )  messag e i n Workin g Memor y 

trigger s a  rul e i n Decisio n Procedur e whic h calculate s th e 

conditiona l  probabilitie s o f  al l  th e possibl e disease s give n th e 

sympto m informatio n currentl y available ,  an d add s thes e t o 

Workin g Memory .  Th e presenc e o f  thes e conditiona l  prob -

abilitie s i s use d i n th e nex t  processin g cycl e t o eithe r  mak e 

a diagnosis ,  i n th e cas e tha t  on e o f  th e disease s alread y ha s 

a conditiona l  probabilit y  greate r  tha n th e threshol d value ,  o r 

otherwise ,  t o selec t  anothe r  sympto m t o query .  Thi s i s ac -

complishe d b y a  rul e i n Decisio n Procedur e whic h calcu -

late s th e overal l  informativenes s o f  eac h remainin g symp -

to m query ,  addin g thes e t o Workin g Memory .  Th e sympto m 

wit h th e greates t  informativenes s valu e i s the n selecte d a s th e 

nex t  sympto m query ,  an d a n appropriat e messag e i s sen t  t o 

Input/Output .  Th e Bayesia n mode l  therefor e use s expecte d 

utilit y  theor y (wher e utilit y  correspond s t o informativeness ) 

supplemente d wit h Bayes '  theore m t o selec t  eac h question . 

I n bot h models ,  th e rule s i n Decisio n Procedur e us e tas k 

knowledg e store d i n Knowledg e Base .  Bot h model s lear n thi s 

knowledg e a s th e tas k progresses . 

Learning 

As detaile d i n Coope r  &  Fo x (1997) ,  th e Symboli c mode l 

learn s b y storin g a  variet y o f  type s o f  informatio n i n Knowl -

edge Base ;  th e thre e type s o f  informatio n store d are : 

1. clauses detailing which diseases are suggested by which 

symptoms ; 

2.  clause s specifyin g whethe r  symptom s an d disease s ar e pos -

itivel y o r  negativel y associated ;  an d 

3.  clause s specifyin g typica l  pattern s o f  symptom s fo r  eac h 

disease . 

The Bayesian learning model is even simpler: its learning 

procedur e jus t  count s frequencies ,  bot h o f  symptom s an d o f 

symptom s give n diseases .  Thes e ar e use d b y th e diagnosi s 

procedur e t o estimat e conditiona l  probabilities . 

I n bot h models ,  th e Knowledg e Bas e ha s Last-In/First-Ou t 

access ,  resultin g i n a n overal l  recenc y effect .  Thi s doe s no t 

affec t  th e operatio n o f  th e Bayesia n model ,  bu t  doe s affec t  th e 

Symboli c model' s questionin g strategy . 
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Tabl e 2 :  M e a n % diagnosti c accurac y (Symboli c  model) . 

Matri x 

dens e 

spars e 

M e an 

Blk l 

57.5 0 

63.0 0 

60.2 5 

B lk 2 

89.0 0 

79.0 0 

84.0 0 

Blk 3 

94.5 0 

78.0 0 

86.2 5 

El k 4 

99.5 0 

75.0 0 

87.2 5 

Mean 

85.1 3 

73.7 5 

79.4 4 

Tabl e 4 :  M e a n % diagnosti c accurac y (Bayesia n model) . 

Matri x 

dens e 

spars e 

Mean 

Blk l 

60.5 0 

71.5 0 

66.0 0 

B lk 2 

77.5 0 

83.5 0 

80.5 0 

B lk 3 

82.0 0 

85.5 0 

83.7 5 

B l k 4 

82.0 0 

90.5 0 

86.2 5 

M e an 

75.5 0 

82.7 5 

79.1 3 

Tabl e 3 :  M e a n symptom s querie d (Symboli c  model) . 

Matri x 

dens e 

spars e 

Mean 

Blk l 

3.9 6 

2.4 7 

3.2 2 

B lk 2 

3.8 8 

0.5 6 

2.2 2 

B lk 3 

3.8 3 

0.4 2 

2.1 3 

B lk 4 

3.8 7 

0.5 3 

2.2 0 

Mean 

3.8 9 

1.0 0 

2.4 4 

Tabl e 5 :  M e a n symptom s querie d (Bayesia n model) . 

Matri x 

dens e 

spars e 

Mean 

Blk l 

1.7 1 

1.2 1 

1.4 6 

B l k 2 

1.3 3 

0.9 0 

1.1 2 

B lk 3 

1.4 6 

0.9 9 

1.2 3 

B l k 4 

1.3 9 

1.1 5 

1.2 7 

M e an 

1.4 7 

1.0 6 

1.2 7 

Modellin g Exper iment s 

Each learnin g mode l  wa s ru n 1 0 time s i n eac h matri x con -

ditio n fo r  4  block s o f  2 0 trial s each ,  an d percentag e accu -

rac y an d mea n numbe r  o f  symptom s querie d i n eac h bloc k 

wer e recorded .  Also ,  th e firs t  questio n aske d i n eac h tria l  o f 

th e fina l  bloc k (o r  diagnosi s i f  n o question s wer e asked )  wa s 

recorded .  Paramete r  setting s fo r  al l  run s wer e identical ,  s o th e 

onl y sourc e o f  variatio n i n thei r  behaviou r  wa s th e particula r 

stimulu s se t  use d o n eac h run . 

For  th e Bayesia n model ,  a  diagnosi s threshol d valu e o f 

0.6 0 wa s chosen .  Thi s give s broadl y simila r  diagnosti c ac -

curac y i n bot h models . 

Symbolic model Table 2 shows the mean percentage diag-

nosti c accurac y score s i n eac h bloc k an d matri x conditio n fo r 

th e Symboli c model .  Ther e i s a  highl y significan t  effec t  o f 

bloc k (F(3,54 )  =  38.31 ,  p  <  0.001) ,  suc h tha t  overal l  di -

agnosti c accurac y increase s acros s th e blocks ,  an d ther e i s a 

significan t  effec t  o f  matri x (F(l,18 )  =  42.61 ,  p  <  0.001) , 

suc h tha t  performanc e i s highe r  i n th e dens e tha n i n th e spars e 

condition .  Also ,  the y interac t  (F(3,54 )  =  9.36 ,  p  <  0.001) ; 

wherea s th e dens e learnin g curv e continue s t o ris e acros s th e 

blocks ,  th e spars e on e flattens  of f  a t  a  lowe r  level . 

Tabl e 3  show s mea n number s o f  symptom s querie d b y 

th e Symboli c model ,  i n eac h bloc k an d matri x condition . 

Ther e ar e highl y significan t  effect s o f  bot h bloc k (F(3,54 )  = 

94.85 ,  p  <  0.001 )  an d matri x (F(l,18 )  =  1161.34 ,  p  < 

0.001) ,  an d a n interactio n betwee n the m (F(3,54 )  — 

76.03 ,  p  <  0.001) .  I n th e dens e condition ,  th e numbe r  o f 

sympto m querie s remain s clos e t o fou r  i n eac h block ,  wherea s 

i n th e spars e conditio n th e numbe r  o f  querie s drop s t o a n av -

erag e o f  les s tha n on e fro m th e secon d bloc k onwards . 

Bayesian model Table 4 shows the mean percentage diag-

nosti c accurac y score s i n eac h bloc k an d matri x conditio n fo r 

th e Bayesia n model .  Ther e i s a  highl y significan t  effec t  o f 

bloc k (F(3,54 )  =  29.14 ,  p  <  0.001) ,  wit h accurac y in -

creasin g fro m bloc k 1  t o 4 ,  an d a  significan t  effec t  o f  matri x 

(F(l ,  18 )  =  8.55 ,  p  <  0.01) ,  suc h tha t  diagnosti c accurac y 

i s highe r  i n th e spars e condition ,  unlik e th e Symboli c model . 

Thi s tim e ther e i s n o interactio n (F(3,54 )  =  0.92) . 

Tabl e 5  show s mea n number s o f  symptom s querie d b y th e 

Bayesia n model ,  i n eac h bloc k an d matri x condition .  Ther e i s 

a significan t  effec t  o f  Bloc k (F(3,54 )  =  18.00 ,  p  <  0.001) , 

suc h tha t  th e numbe r  o f  symptom s drop s fro m bloc k 1  t o 2 , 

but  the n gentl y rise s again .  Ther e i s als o a  significan t  effec t 

of  matri x (F(l,18 )  =  40.13 ,  p  <  0.001) ,  suc h tha t  mor e 

symptom s ar e querie d i n th e dens e condition ,  an d a  barel y 

significan t  interactio n (F(3,54 )  =  2.94 ,  p  <  0.05) . 

One-ply Predictions 

The one-pl y prediction s o f  eac h mode l  wer e generate d b y 

aggregatin g initia l  selectio n behaviour ,  o n eac h tria l  i n th e 

fourt h block ,  acros s al l  simulate d subject s i n eac h matri x con -

dition .  Thi s resulte d i n a  se t  o f  table s o f  percentage s o f  oc -

casion s whe n eac h symptom ,  o r  a  diagnosis ,  wa s selected , 

fo r  eac h presentin g symptom .  Fo r  eac h model ,  th e tw o cell s 

wit h th e highes t  value s i n eac h ro w wer e the n selecte d a s 

th e predictions .  W h e n ther e wa s a  second-plac e tie ,  al l  thre e 

cell s wer e include d a s predictions ;  thi s occurre d onc e fo r  eac h 

model .  Thes e prediction s ar e annotate d o n Tabl e 8  below . 

Experiment 

M e t h o d 

Subject s 3 8 secon d yea r  psycholog y student s fro m Birkbec k 
Colleg e too k part ,  1 8 i n th e dens e conditio n an d 2 0 i n th e spars e 
condition . 

Design Each S was assigned to either the Dense or Sparse ma-
tri x condition ,  an d performe d fou r  block s o f  2 0 trials ,  eac h o f  whic h 
comprise d 5  trial s wit h eac h disease ,  i n rando m sequence .  Al l  diag -
nose s an d sympto m querie s wer e recorded . 

Software The task was computer-based, mouse driven and ad-
ministere d b y a  client-serve r  syste m o n th e departmenta l  intranet , 
usin g a  networ k o f  48 6 PCs .  Th e clien t  portion ,  writte n i n JavaScrip t 
fo r  Netscap e Navigato r  4 ,  randomise d trial s withi n blocks ,  presente d 
stimul i  an d collecte d responses .  Th e serve r  assigne d subject s t o 
dens e an d spars e matri x conditions ,  an d collate d data . 
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Figur e 2 :  Graph s o f  diagnosti c accurac y (left )  an d numbe r  o f  sympto m querie s (right )  fo r  h u m a n subject s an d bot h models . 

Tabl e 6 :  M e a n % diagnosti c accurac y ( H u m a n data) . Tabl e 7 :  M e a n symptom s querie d ( H u m a n data) . 

Matri x 

dens e 

spars e 

M e an 

N 

18 
20 
38 

Blk l 

34.7 0 

53.0 0 

44.3 4 

B l k 2 

46.9 5 

62.2 5 

55.0 0 

B l k 3 

46.9 5 

67.0 0 

57.5 0 

El k 4 

46.1 0 

75.2 5 

61.4 4 

M e an 

43.6 8 

64.3 8 

54.5 7 

Matri x 

dens e 

spars e 

M e an 

N 

18 
20 
38 

Blk l 

3.2 9 

2.8 3 

3.0 5 

B l k 2 

3.3 5 

2.5 3 

2.9 2 

B l k 3 

3.5 2 

2.3 6 

2.9 1 

B l k 4 

3.4 1 

2.3 6 

2.8 6 

M e an 

3.3 9 

2.5 2 

2.9 3 

The clien t  system *  wa s launche d b y clickin g o n a  butto n a t  th e 
foo t  o f  a  we b pag e o f  instructions ,  whic h opene d a  ne w window . 
On eac h tria l  th e progra m displaye d a  serie s o f  boxe s labelle d wit h 
sympto m names ,  runnin g acros s th e to p hal f  o f  th e window ,  an d a  se -
ries  o f  boxe s labelle d wit h diseas e name s runnin g acros s th e bottom . 
The orde r  i n whic h bot h sympto m an d diseas e boxe s wer e presente d 
onscree n wa s randomise d o n eac h trial . 

The sympto m boxe s coul d b e clicke d b y th e subject ,  whe n the y 
woul d chang e t o revea l  whethe r  th e sympto m wa s presen t  o r  absen t 
i n th e imaginar y patient .  A t  th e beginnin g o f  eac h trial ,  on e o f  th e 
sympto m boxe s wa s alread y i n thi s change d state ,  givin g th e sub -
jec t  informatio n abou t  th e patient' s presentin g symptom .  Whe n th e 
diseas e boxe s wer e clicked ,  a  ne w bo x appeare d i n th e centr e o f  th e 
scree n statin g whethe r  th e diagnosi s wa s correc t  o r  not .  I f  th e di -
agnosi s wa s incorrect ,  thi s bo x als o gav e feedbac k abou t  th e correc t 
disease ,  allowin g th e subjec t  t o learn .  Clickin g o n thi s bo x starte d 
th e nex t  trial . 

At  th e en d o f  eac h block ,  th e progra m presente d a  scor e givin g th e 
number  o f  correc t  diagnose s ou t  o f  20 ,  save d th e accumulate d dat a 
t o th e server ,  an d gav e th e subjec t  th e opportunit y t o res t  briefly . 
Instructions The launch page of the experimental client system 
describe d th e scree n layou t  an d th e bloc k structur e o f  th e experi -
ment .  Subject s wer e als o verball y instructe d t o attemp t  t o diagnos e 
efficiently ,  tha t  is ,  t o minimis e th e numbe r  o f  sympto m querie s the y 
made,  provide d thi s di d no t  compromis e thei r  diagnosti c accuracy . 
Results 

Learning results Table 6 and Figure 2 (left) show mean 

percentag e diagnosti c accurac y fo r  h u m a n subjects .  H u m a n 

diagnosti c accurac y i s substantiall y  lowe r  throughou t  tha n 

tha t  achieve d b y eithe r  model .  However ,  ther e ar e highl y 

significan t  effect s o f  bot h bloc k (F(3,108 )  =  16.27 ,  p  < 

0.0001 )  an d matri x (F(l ,36 )  =  12.42 ,  p  <  0.0012) ,  suc h 

'Fo r  a  demonstratio n o f  th e clien t  system ,  se e 
http://www.psyc.bbk.ac.uk/staff/pgy/experiments/jdm2a/demo / 

tha t  subject s i n th e spars e conditio n performe d substantiall y 

bette r  tha n thos e i n th e dens e condition ,  lik e th e Bayesia n bu t 

unlik e th e Symboli c model .  Also ,  ther e i s a  barel y signifi -

can t  interactio n (F(3,108 )  =  2.77 ,  p  <  0.0452) ,  du e t o th e 

flattening  o f  th e learnin g curv e i n th e dens e condition . 

Tabl e 7  an d Figur e 2  (right )  sho w m e a n number s o f  symp -

tom s querie d b y h u m a n subject s i n eac h bloc k an d matri x 

condition .  H u m a n subject s quer y substantiall y  mor e symp -

tom s tha n d o eithe r  o f  th e models .  Ther e i s a  modestl y sig -

nifican t  effec t  o f  matri x (F(l,36 )  =  4.83 ,  p  <  0.0345) , 

suc h tha t  mor e symptom s ar e querie d i n dens e tha n i n sparse , 

but  n o overal l  effec t  o f  bloc k (F(3,108 )  =  1.17) .  H o w -

ever ,  ther e i s a  highl y significan t  interactio n (F(3,108 )  = 

5.23 ,  Greenhouse-Geisse r  p  <  0.0045) ,  du e t o th e reduc -

tio n i n sympto m querie s acros s block s i n th e spars e bu t  no t 

i n th e dens e condition ;  instea d th e numbe r  o f  querie s i n th e 

dens e conditio n rise s fro m bloc k 1  t o bloc k 3 .  Asid e fro m 

thi s increase ,  thi s patter n o f  result s i s mor e simila r  t o th e 

Symboli c mode l  tha n th e Bayesia n model ,  a s th e numbe r  o f 

querie s i n th e dens e conditio n remain s effectivel y a t  ceilin g 

wherea s tha t  i n th e spars e conditio n drop s acros s th e blocks . 

One-ply analysis Table 8 shows the human one-ply results, 

th e percentage s o f  eac h possibl e initia l  selectio n behaviou r 

give n eac h presentin g symptom ,  aggregate d acros s subjects , 

fo r  bot h dens e an d spars e matri x conditions .  T h e prediction s 

of  Symboli c an d Bayesia n model s ar e indicate d b y super -

scrip t  B  an d S  respectively . 

We evaluat e th e relativ e performanc e o f  th e model s b y 

scorin g h o w ofte n eac h mode l  predict s th e to p tw o value s i n 
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Tabl e 8 :  One-pl y analysi s fo r  Bloc k 4  (Huma n data) .  Superscrip t  B  an d S  indicat e th e respectiv e mode l  predictions . 

Matri x 

dens e 

spars e 

Presentin g 

sympto m 

diarrhoe a 

feve r 

headach e 

paralysi s 

vomitin g 

diarrhoe a 

feve r 

headach e 

paralysi s 

vomitin g 

N 

54 

123 

64 

48 

71 

107 

90 

46 

58 

99 

Firs t  quer y 

diagnosi s 

1.5 % 

6.4 % 

4.2 % 

14.0 % 

3.1 % 

34.7%SB 

39.3%^ ^ 

14.3%^ ^ 

30.4 % 

25.9%^ 

diarrhoe a 

16.7% ^ 

47 .9% ^ 

26 .3% ^ 

2 6 . 6 % ^ 

5.6 % 

30 .4% ^ 

19.6 % 

14.8 % 

feve r 

2 0 . 0 % ^ ^ 

18 .8% " 

12 .3% " 

2 0 . 3 % ^ " 

14 .9% ^ 

2 5 . 0 % " 

4 .4% " 

19 .4% " 

headach e 

2 6 . 2 % ^ " 

2 0 . 6 % " 

-

12.3 % 

3 5 . 9 % ^ " 

19.8% ^ 

28 .1 % 

-

1 5 . 2 % ^ " 

2 0 . 4 % " 

paralysi s 

23 .1 % 

2 6 . 2 % ^ 

12.5 % 

14.1 % 

15.8 % 

14.6 % 

8.9 % 

19.4% ^ 

vomitin g 

2 9 . 2 % 

3 0 . 2 % ^ " 

1 6 . 7 % ^ " 

3 5 . 1 % ^ " 

-

14.9 % 

12.4 % 

21 .4 % 

3 0 . 4 % ^ 

eac h row ;  eac h mode l  get s on e poin t  fo r  eac h predicte d cel l 

containin g on e o f  th e tw o highes t  value s i n th e row .  Accord -

in g t o thi s criterion ,  th e Bayesia n mode l  score s 6  point s i n th e 

dens e conditio n an d 4  point s i n th e spars e condition ,  totallin g 

10/20 ,  wherea s th e Symboli c mode l  score s 7  i n th e dens e con -

ditio n an d 6  i n th e spars e condition ,  a  tota l  o f  13/20 .  S o th e 

Symboli c mode l  perform s bette r  o n thi s measur e tha n doe s 

th e Bayesia n model . 

Discussion 

We have presented subject data and two computational mod-

el s o f  performanc e (includin g learning )  o n a  simulate d med -

ica l  diagnosi s task .  Eac h mode l  capture s som e aspect s o f 

th e subjec t  data ,  bu t  althoug h th e Bayesia n mode l  predict s 

th e greate r  diagnosti c accurac y observe d i n th e spars e con -

dition ,  th e symboli c mode l  arguabl y give s a  bette r  fit  wit h 

th e numbe r  o f  sympto m queries ,  an d clearl y outperform s th e 

Bayesia n mode l  i n fitting  th e one-pl y data ,  s o w e conside r  i t 

a bette r  fit  overall . 

Althoug h th e increas e i n diagnosti c accurac y acros s th e 

block s b y subject s wa s simila r  t o tha t  predicte d b y bot h mod -

els ,  overal l  diagnosti c accurac y performanc e wa s poore r  tha n 

tha t  reporte d b y Fo x (1980 )  an d Coope r  &  Fo x (1997) ,  an d 

tha t  predicte d b y bot h models ,  despit e th e fac t  tha t  th e tas k 

was easie r  tha n tha t  use d b y Coope r  &  Fox .  Thi s ma y b e at -

tributabl e t o difference s betwee n th e population s tested :  th e 

experiment s wer e separate d b y almos t  twent y years ,  wit h 

medica l  student s i n th e first  cas e an d psycholog y student s i n 

th e presen t  case . 

Subject s achieve d highe r  level s o f  diagnosti c accurac y i n 

th e spars e condition ,  unlik e th e Symboli c model .  Thi s coul d 

be du e t o th e greate r  memor y loa d i n th e dens e condition , 

by whic h th e models ,  bein g withou t  capacit y limitation s o r 

decay ,  ar e unaffected .  W e pla n t o investigat e th e effect s o f 

imposing  memor y limitation s o n th e model s i n future . 

The fac t  tha t  th e Symboli c model ,  wit h a  FIF O Knowl -

edg e bas e an d L IF O Workin g Memory ,  accounte d reasonabl y 

wel l  fo r  th e one-pl y data ,  corroborate s th e vie w tha t  recenc y 

i n th e accessibilit y o f  sympto m informatio n i s a  majo r  deter -

minan t  o f  subjects '  questionin g behaviou r  (Fox ,  1980 ;  Fo x 

& Cooper ,  1997) .  Th e presen t  finding  extend s Fox' s earlie r 

result s t o th e cas e o f  a  learnin g model ,  an d t o a  ne w materi -

al s se t  includin g th e dense/spars e manipulation .  I n thi s mode l 

th e recenc y effec t  operate s i n th e lon g term ,  tha t  i s  fo r  period s 

longe r  tha n a  singl e trial ,  an d s o recentl y learne d informatio n 

i n th e Knowledg e Bas e i s th e first  t o b e retrieved ,  an d t o ap -

pear  i n sympto m queries ,  provide d i t  i s  relevant .  Other ,  un -

reporte d attempt s t o fit  th e presen t  dat a wit h differen t  buffe r 

acces s setting s wer e les s successful ,  a s expected .  W e ai m t o 

explor e thi s issu e further ,  an d t o develo p othe r  variant s o f  th e 

Symboli c learnin g mode l  wit h alternativ e questionin g strate -

gies ,  i n th e hop e o f  accountin g mor e full y fo r  th e subjec t  data . 
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