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Abstrac t 

In this paper we compare the behaviour of three competing 
account s o f  decisio n makin g unde r  uncertaint y ( a Bayesia n 
account ,  a n associationis t  account ,  an d a  hypothesi s testin g 
account )  wit h subjec t  performanc e i n a  medica l  diagnosi s 
task .  Th e tas k require s tha t  subject s first  lear n a  se t  o f  symp -
tom/diseas e associations .  Later ,  subject s ar e require d t o for m 
diagnose s base d o n limite d sympto m information .  Th e com -
petin g theoretica l  account s ar e embodie d i n thre e computa -
tiona l  models ,  eac h wit h a  singl e paramete r  governin g th e 
learnin g rate .  Subjects '  diagnosti c accurac y wa s use d t o cali -
brat e th e learnin g rate s o f  th e models .  Th e resultin g parameter -
fre e model s wer e the n use d t o predic t  subjects '  sympto m 
queryin g behaviou r  i n a  subsequen t  task .  Th e fit  betwee n th e 
Associationis t  model' s prediction s an d subjec t  behaviou r  wa s 
poor .  Th e fit  wa s slightl y bette r  i n th e cas e o f  th e Bayesia n 
model ,  bu t  th e hypothesi s testin g accoun t  prove d t o provid e 
th e mos t  adequat e accoun t  o f  th e data . 

Introduct io n 

M a ny decision s i n rea l  lif e ar e mad e unde r  condition s o f  un -

certai n o r  incomplet e information .  Bayesia n probabilit y  the -

or y provide s a n optima l  approac h t o suc h decision s whe n th e 

uncertaint y i n th e evidenc e ca n b e quantifie d i n th e for m o f 

probabilities .  I n man y cases ,  however ,  suc h quantitativ e in -

formatio n i s no t  available ,  an d eve n whe n i t  is ,  peopl e fre -

quentl y fai l  t o mak e correc t  us e o f  it ,  a s i n th e well-know n 

case s o f  bas e rat e neglec t  (Kahnema n &  Tversky ,  1973) . 

Althoug h th e Bayesia n approac h t o decisio n makin g unde r 

uncertaint y ma y b e optimal ,  a  numbe r  o f  other ,  sub-optimal , 

approache s yiel d plausibl e decisio n makin g behaviour .  Gluc k 

& Bowe r  (1988) ,  fo r  example ,  hav e demonstrate d tha t  a n 

associativ e networ k employin g a  Rescorla-Wagne r  (1972 ) 

learnin g rul e ca n lear n a  diseas e categorisatio n tas k i n whic h 

symptom s ar e probabilisticall y associate d wit h diseases .  Th e 

tas k i s effectivel y a  decisio n makin g tas k i n whic h symptom s 

ar e unreliabl e indicator s o f  possibl e diseases .  Gluc k &  Bowe r 

compare d th e behaviou r  o f  thei r  mode l  wit h tha t  predicte d b y 

a Bayesia n account ,  an d wit h tha t  o f  huma n subjects .  The y 

repor t  a  correlatio n o f  0.9 4 betwee n subjec t  performanc e an d 

th e model' s performance ,  suggestin g tha t  non-Bayesia n ac -

count s ar e indee d capabl e o f  producin g human-lik e perfor -

mance. 

Furthe r  concern s abou t  th e relevanc e o f  Bayesia n ap -

proache s t o huma n decisio n makin g unde r  uncertaint y ar e 

raise d b y Gigerenze r  &  Goldstei n (1996) ,  wh o sugges t  tha t 

th e cognitiv e plausibilit y  o f  suc h account s i s undermine d b y 

human performanc e limitations .  The y sugges t  tha t  i n real -

lif e peopl e rel y o n "fas t  an d frugal "  heuristic s whic h ap -

proximat e optima l  behaviour .  I n suppor t  o f  thi s positio n 

Gigerenze r  &  Goldstei n (1996 )  compare d th e decisio n mak -

in g behaviou r  o f  fou r  algorithm s employin g differen t  form s 

of  bounde d computatio n wit h a n optima l  regressio n model . 

Severa l  o f  th e bounde d algorithm s achieve d level s o f  perfor -

mance equivalen t  t o th e mathematicall y optima l  model .  Thi s 

wor k demonstrate s that ,  a t  leas t  o n certai n tasks ,  fas t  an d fru -

gal  approache s ar e capabl e o f  producin g nea r  optima l  deci -

sio n makin g performance ,  an d henc e tha t  viabl e alternative s 

t o Bayesia n decisio n algorithm s d o exist . 

I t  woul d b e wron g t o suggest ,  however ,  tha t  th e result s o f 

Gluc k &  Bowe r  (1988 )  an d Gigerenze r  &  Goldstei n (1996 ) 

provid e unequivoca l  evidenc e agains t  Bayesia n processe s i n 

human decisio n making .  Thus ,  althoug h th e correlatio n ob -

taine d b y Gluc k &  Bowe r  (1988 )  betwee n subjec t  perfor -

mance an d th e performanc e o f  thei r  associativ e networ k wa s 

hig h (0.94) ,  i t  wa s no t  a s hig h a s th e correlatio n betwee n 

subjec t  performanc e an d tha t  o f  a  Bayesia n approac h (0.99) . 

Mor e critically ,  th e roo t  mea n squar e erro r  betwee n diseas e 

probabilitie s a s predicte d b y th e associativ e networ k an d th e 

subject s wa s mor e tha n twic e tha t  betwee n diseas e probabil -

itie s a s predicte d b y th e Bayesia n accoun t  an d th e subjects . 

The correlatio n o f  0.9 4 (obtaine d b y choosin g a n appropriat e 

valu e fo r  th e learnin g rate ,  a  fre e paramete r  i n th e associativ e 

network )  i s les s convincin g whe n considere d i n thi s light . 

The impor t  o f  th e result s  o f  Gigerenze r  &  Goldstei n (1996 ) 

i s similarl y ope n t o question .  Th e difficult y her e lie s i n th e 

fac t  tha t  thei r  evaluatio n o f  non-Bayesia n approache s di d no t 

involv e compariso n wit h huma n data .  Fas t  an d fruga l  algo -

rithm s wer e foun d t o perfor m a s wel l  a s a  mathematicall y 

optima l  accoun t  — on e base d o n multipl e regression ,  and ,  i n 

fact ,  formall y equivalen t  t o a n Associationis t  mode l  — bu t 

human dat a wa s no t  collecte d o n th e tas k whic h the y investi -

gated . 

I n previou s wor k (e.g. .  Fox ,  1980 ;  Coope r  &  Fox ,  1997 ; 

Yule ,  Cooper ,  &  Fox ,  1998 )  w e hav e compare d th e normative , 

quantitative ,  Bayesia n accoun t  o f  decisio n makin g unde r  un -

certainty ,  an d a  qualitative ,  hypothesi s testin g account ,  wit h 

human performanc e o n a  medica l  diagnosi s task .  Subject s 
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Tabl e 1 :  Conditiona l  probabilitie s o f  sympto m give n diseas e 

(A 

u 

( 5 

dis O 

dis l 

dis 2 

dis 3 

Symptoms 

symO 

1.0 0 

0.0 0 

0.5 0 

0.0 0 

syml 

0.0 0 

0.5 0 

1.0 0 

0.0 0 

syml 

0.2 5 

1.0 0 

0.0 0 

0.2 5 

sym3 

0.0 0 

0.5 0 

0.0 0 

1.0 0 

sym4 

0.2 5 

1.0 0 

0.2 5 

0.0 0 

rarel y achieve d th e level s o f  performanc e suggeste d b y eithe r 

computationa l  account ,  bu t  th e genera l  patter n o f  subjec t  per -

formanc e mor e closel y resemble d th e hypothesi s testin g ac -

count .  I n thi s pape r  w e exten d tha t  wor k b y 1 )  addin g reason -

abl e performanc e limitation s t o th e Bayesia n an d hypothesi s 

testin g account s (thu s bringin g baselin e performanc e int o lin e 

wit h subjects) ;  2 )  extendin g th e compariso n b y includin g a n 

associationis t  (two-laye r  feed-forwar d network )  mode l  i n th e 

set  o f  competin g computationa l  accounts ;  3 )  modifyin g th e 

experimenta l  tas k suc h tha t  subjec t  performanc e o n on e de -

penden t  measur e ca n b e use d t o calibrat e th e variou s models , 

whic h ma y i n tur n b e use d t o predic t  subjec t  performanc e o n 

a secon d dependen t  measure ;  an d 4 )  examinin g th e effec t  o n 

human an d predicte d behaviou r  o f  differen t  trainin g histories . 

We begi n b y describin g th e diagnosi s tas k i n detai l  an d out -

linin g th e mechanism s behin d th e thre e models .  W e the n re -

por t  a n experimen t  i n whic h huma n subject s learne d t o per -

for m th e diagnosi s task .  Thi s performanc e i s the n use d firstl y 

t o fix  th e learnin g rat e i n eac h model ,  an d the n t o evaluat e th e 

resultin g parameter-fre e models . 

The Diagnosis Task 

The tas k o f  diagnosi s i s essentiall y  on e o f  categorisin g a  se t 

of  feature s o r  symptom s a s correspondin g t o on e o f  a  se t 

of  know n diseases .  Ther e ar e numerou s variation s o n th e 

task .  Fo x (1980 )  employe d five  symptom s an d five  diseases . 

Al l  disease s wer e equall y likel y an d subject s wer e require d 

t o quer y symptom s i n sequenc e befor e offerin g a  diagnosis . 

Gluc k &  Bowe r  (1986 )  employe d fou r  symptom s an d tw o 
diseases ,  bu t  th e occurrenc e o f  on e diseas e wa s rar e i n com -

pariso n t o th e other .  Here ,  subject s wer e allowe d complet e 

sympto m informatio n whe n makin g thei r  diagnoses .  Th e ver -

sio n o f  th e tas k employe d i n th e curren t  wor k i s derive d fro m 

tha t  o f  Fo x (1980) .  Fou r  disease s (hypothetica l  strain s o f  'flu ) 

and five  symptom s wer e employed .  Al l  disease s wer e equall y 

likely ,  an d symptom s wer e unreliabl e indicator s o f  diseases . 

Tabl e 1  show s th e probabilit y  o f  eac h sympto m occurrin g fo r 
eac h disease .  Thus ,  on e i n fou r  patient s sufferin g fro m dis O 
woul d hav e syml . 

The diagnosi s tas k ca n b e presente d i n tw o forms .  I n th e 
simples t  form ,  th e subjec t  make s a  diagnosi s base d o n ful l 

sympto m information .  Tha t  is ,  th e presence/absenc e o f  eac h 

sympto m i s known ,  an d th e subjec t  mus t  selec t  whic h o f  th e 

fou r  disease s i s mos t  likely .  Wit h th e symptom/diseas e asso -

ciation s employe d here ,  i t  i s  alway s possibl e t o discriminat e 

betwee n disease s base d o n ful l  sympto m information . 

A mor e challengin g for m o f  th e diagnosi s tas k involve s 

presentin g subject s initiall y  wit h on e sympto m (th e present -

in g symptom) ,  an d requirin g the m t o quer y jus t  thos e symp -

tom s necessar y t o mak e a  diagnosi s (an d the n t o m a k e a  diag -

nosi s whe n appropriate) .  Thi s versio n o f  th e tas k i s natural -

isti c i n tha t  i t  correspond s closel y t o th e tas k o f  a  Genera l 

Practitioner .  I t  als o yield s ric h dat a i n th e for m o f  symp -

to m queryin g strategies .  However ,  th e dat a ar e difficul t  t o 

interpre t  becaus e differen t  subject s appea r  t o emplo y differ -

ent  "diagnosti c thresholds "  — som e subject s ar e willin g t o 

offe r  a  diagnosi s o n th e basi s o f  fe w symptoms ,  wherea s oth -

er s quer y mos t  o r  al l  symptom s befor e offerin g a  diagnosis . 

Th e freedo m allowe d t o subject s i n thi s mor e challengin g 

versio n o f  th e task ,  an d it s manifestatio n i n th e for m o f  a  di -

agnosti c threshold ,  als o pose s methodologica l  problem s fo r 

evaluatin g computationa l  account s o f  subjec t  behaviour .  Th e 

diagnosti c threshol d effectivel y introduce s a  fre e paramete r 

int o th e mode l  o f  a  subject ,  allowin g th e modelle r  a n addi -

tiona l  degre e o f  freedo m wit h whic h t o accoun t  fo r  subjec t 

behaviour . 

Th e experimen t  reporte d belo w yield s dat a o n sympto m 

queryin g strategie s whils t  overcomin g th e difficult y o f  diag -

nosti c threshold s b y presentin g subject s wit h on e symptom , 

and the n requirin g the m t o quer y exactl y on e furthe r  sympto m 

befor e offerin g th e mos t  likel y diagnosis .  Ther e i s n o scop e 

fo r  a  diagnosti c threshol d i n thi s for m o f  th e task .  WTiils t  in -

dividua l  difference s m a y stil l  exist ,  suc h difference s mus t  b e 

attribute d t o othe r  factor s (suc h a s learnin g rate ,  o r  strategi c 

elements) . 

I n fact ,  previou s researc h ha s show n larg e between-subjec t 

difference s o n diagnosi s task s (e.g .  Yule ,  Coope r  &  Fox , 

1998) ,  eve n wit h litd e apparen t  variatio n i n diagnosti c thresh -

old .  Th e tas k ca n b e taxing ,  an d motivationa l  factor s ar e 

likel y t o pla y a  role .  However ,  between-subjec t  difference s 

m ay als o b e attributabl e t o difference s i n trainin g history . 

That  is ,  i f  durin g trainin g subject s ar e expose d t o randoml y 

generate d sequence s o f  case s o f  diseases ,  the n thei r  diagnos -

ti c behaviou r  m a y b e influence d b y idiosyncrati c feature s o f 

thei r  trainin g materials .  Thi s i s especiall y likel y t o b e tru e i f 

trainin g i s limited .  Trainin g histor y i s therefor e anothe r  facto r 

considere d i n th e experimen t  reporte d below . 

Theoretical Accounts of Diagnosis 

T h e Bayesia n A p p r o a c h 

The Bayesia n approac h t o th e categorisatio n elemen t  o f  di -

agnosi s i s straightforwar d an d wel l  documente d (see ,  fo r  ex -
ample .  Fox ,  1980) .  Th e probabilit y  o f  eac h diseas e ca n b e 

calculate d fro m sympto m informatio n provide d tha t  diseas e 

bas e rate s an d th e conditiona l  probabilitie s o f  eac h symp -

to m give n eac h diseas e ar e know n (assumin g independenc e 

of  symptoms) .  Approximation s t o eac h o f  thes e probabili -

tie s ca n b e compute d fro m frequenc y information ,  acquire d 

as par t  o f  th e learnin g o f  symptom/diseas e associations . 

Symp to m selection ,  whe n incomplet e sympto m informa -
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tio n i s provided ,  m a y b e determine d throug h calculatio n o f 

th e informativenes s o f  eac h indeterminat e symptom .  Oaks -

for d &  Chate r  (1994 )  sugges t  tha t  cu e selectio n o n th e basi s o f 

informativenes s (i n conjunctio n wit h assumption s abou t  th e 

distributio n o f  cues )  provide s a  goo d accoun t  o f  subjec t  be -

haviou r  i n relate d tasks ,  an d poin t  t o appropriat e informatio n 

theoreti c measure s o f  informativenes s (Shanno n &  Weaver , 

1949 ;  Wiener ,  1948) . 

Previou s researc h ha s show n tha t  thi s Bayesia n approac h 

significantl y outperform s subject s whe n learnin g th e diag -

nosi s tas k (Yule ,  Coope r  &  Fox ,  1998) .  I n orde r  t o reduc e 

performanc e t o huma n level s w e sugges t  imperfec t  recordin g 

of  frequenc y informatio n relatin g t o bot h bas e rate s o f  dis -

ease s an d disease/sympto m co-occurrences .  I n particular ,  th e 

model  tha t  generate d th e dat a reporte d belo w include s a  pa -

rameter ,  th e learnin g rate ,  whic h specifie s th e probabilit y  tha t 

frequencie s wil l  b e update d o n an y give n trial .  Thus ,  whe n 

thi s paramete r  i s se t  t o 0.1 0 ( a valu e tha t  yield s behaviou r  a t 

level s comparabl e t o huma n subjects) ,  frequenc y informatio n 

wil l  b e recorde d (an d henc e employe d i n determinin g th e in -

formativenes s o f  symptom s an d th e probabilitie s o f  possibl e 

diagnoses )  o n 1  i n 1 0 trial s o n average . 

The Hypothesis Testing Approach 

Fo x (1980 )  describe d a n approac h t o th e diagnosi s tas k whic h 

generate d propositiona l  hypothese s abou t  possibl e disease s 

an d reasone d ove r  thos e hypothese s whe n determinin g appro -

priat e symptom s t o quer y o r  diagnose s t o offer .  Coope r  &  Fo x 

(1997 )  extende d tha t  mode l  t o accoun t  fo r  learnin g durin g th e 

diagnosi s task ,  an d Yule ,  Coope r  &  Fo x (1998 )  compare d th e 

performanc e o f  tha t  mode l  an d a  Bayesia n mode l  wit h subjec t 

performanc e o n a  versio n o f  th e diagnosi s task . 

We d o no t  describ e th e mode l  agai n here ,  excep t  t o sa y tha t 

th e presenc e o r  absenc e o f  symptom s trigger s th e mode l  int o 

formin g hypothese s abou t  possibl e diseases .  Thes e hypothe -

ses lea d th e mode l  t o expec t  furthe r  symptoms ,  whic h for m 

th e basi s o f  th e model' s queryin g strategy :  th e mode l  wil l  as k 

abou t  symptom s i f  i t  expect s the m t o b e presen t  give n an y o f 

th e hypothesise d diseases ,  i n a n orde r  determine d b y recenc y 

i n it s knowledg e base .  W h e n provide d wit h diagnosti c feed -

back ,  th e mode l  adjust s it s belief s abou t  th e relation s betwee n 

symptom s an d diseases ,  an d abou t  th e sympto m pattern s as -

sociate d wit h diseases . 

I n th e mode l  employe d i n th e curren t  wor k thi s updatin g i s 

not  performe d o n al l  trial s — diagnosti c feedbac k i s sporadi -

call y ignored .  Th e probabilit y  o f  updatin g o n a  give n tria l  i s 

determine d b y a  learnin g rat e paramete r  analogou s t o tha t  i n 

th e Bayesia n model .  A s i n th e Bayesia n account ,  thi s prob -

abilisti c  learnin g allow s th e model' s diagnosti c performanc e 

t o b e brough t  approximatel y int o lin e wit h tha t  o f  subjects . 

The Associationist Approach 

Th e diagnosi s tas k m a y als o b e performe d b y a n associativ e 

networ k employin g a  Rescorla-Wagne r  (1972 )  learnin g rule . 

As note d above ,  Gluc k &  Bowe r  (1988 )  argu e tha t  thi s learn -

in g rule ,  whic h i s formall y equivalen t  t o th e Delt a rule ,  ac -

count s wel l  fo r  huma n performanc e i n thei r  versio n o f  th e 

diagnosi s task . 

Our  implementatio n o f  th e associationis t  approac h follow s 

traditiona l  lines :  a  two-layere d networ k map s five  inpu t  node s 

(correspondin g t o symptoms ,  an d se t  equa l  t o -hl.O O whe n a 

sympto m i s present ,  -1.0 0 whe n a  sympto m i s absen t  an d 

0.0 0 whe n a  symptom' s statu s i s unknown )  t o fou r  outpu t 

node s (correspondin g t o th e fou r  diseases) .  O n testin g cy -

cle s th e sympto m vecto r  i s fe d t o th e networ k an d th e mos t 

activ e diseas e nod e i s offere d a s th e diagnosis .  O n trainin g 

cycle s th e network' s weight s ar e adjuste d accordin g t o th e 

standar d Delt a rule .  Th e learnin g rat e constitute s a  parame -

te r  o f  th e mode l  (agai n allowin g th e model' s diagnosti c accu -

rac y t o b e calibrate d wit h tha t  o f  huma n subjects )  tha t  scale s 

weigh t  adjustment s withi n th e network ,  wit h weight s chang -

in g b y a n amoun t  equa l  t o th e learnin g rat e time s th e differ -

enc e betwee n th e network' s outpu t  an d th e trainin g signal . 

Standar d associativ e networ k approache s t o th e diagnosi s 

tas k d o no t  obviousl y generalis e t o th e versio n o f  th e tas k 

i n whic h sympto m selectio n i s required .  I n ou r  implementa -

tion ,  a  secon d associativ e networ k i s traine d o n instance s o f 

th e identit y m a p betwee n sympto m vector s correspondin g t o 

thos e sympto m pattern s actuall y presente d t o th e mai n symp -

tom/diseas e network .  Th e rational e fo r  thi s i s  that ,  afte r  train -

ing ,  incomplet e sympto m informatio n wil l  b e mappe d b y thi s 

networ k t o a  sympto m vecto r  resemblin g a  previousl y see n 

pattern .  Th e mos t  activ e sympto m i n thi s vecto r  whos e pres -

enc e i s indeterminat e i s th e sympto m tha t  i s queried .  Thi s 

approac h i s fa r  fro m optimal ,  bu t  i t  i s  close r  t o associativ e 

principle s tha n th e mos t  obviou s alternative :  t o tes t  th e symp -

tom/diseas e networ k o n al l  possibl e extension s o f  th e cur -

ren t  sympto m informatio n an d the n selec t  th e sympto m cor -

respondin g t o th e extensio n yieldin g th e stronges t  diagnosis . 

Experiment: Rationale and Method 

52 secon d yea r  psycholog y student s fro m Birkbec k Colleg e 

too k par t  i n th e experiment .  Ther e wer e fou r  conditions ,  wit h 

13 subject s i n eac h condition .  Th e condition s differe d onl y i n 

th e sequence s o f  case s presented ,  a s describe d below . 

Subject s i n al l  condition s complete d 5  block s o f  trials . 

Block s 1  an d 3  wer e trainin g trial s i n whic h ful l  sympto m an d 

diseas e informatio n wa s presente d t o al l  subjects .  Subject s 

wer e require d t o ste p throug h trial s i n thes e block s a t  thei r 

own pace ,  whils t  attemptin g t o lear n th e symptom/diseas e as -

sociations .  Thes e block s comprise d 1 2 trial s each .  Th e de -

gre e o f  learnin g i n th e trainin g block s wa s assesse d i n block s 

2 an d 4 .  Here ,  subject s wer e require d t o mak e diagnose s 

base d o n ful l  sympto m information .  Feedbac k (i n th e for m 

of  th e actua l  underlyin g disease )  wa s give n o n thes e trials ,  al -

lowin g subject s t o furthe r  improv e thei r  diagnosti c accuracy . 

Thes e testin g block s als o consiste d o f  1 2 trials .  I n th e fifth 

and final  bloc k subject s wer e presente d wit h a  singl e present -

in g symptom .  The y wer e require d t o quer y th e presenc e o f 

exactl y on e furthe r  sympto m an d the n mak e a  "bes t  guess " 

diagnosis .  Diagnosti c feedbac k (i.e. ,  th e actua l  underlyin g 

disease )  wa s give n i n th e cas e o f  error .  Thi s bloc k consiste d 
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Tabl e 2 :  Mea n diagnosti c accurac y (% )  i n eac h bloc k an d 

trainin g histor y conditio n (Huma n data) . 

Tabl e 3 :  Overal l  mea n diagnosti c accurac y (% )  i n eac h bloc k 

fo r  eac h mode l  ( N =  5 2 each) . 

Trainin g 

Histor y N 

1 1 3 

2 1 3 

3 1 3 

4 1 3 

Tota l  5 2 

Bloc k 2 

Mean S D 

50. 6 25. 1 

50. 6 19. 7 

60. 9 22. 7 

50. 0 18. 0 

53. 0 21. 4 

Bloc k 4 

Mean S D 

55. 1 24. 7 

62. 8 20. 3 

59. 6 22. 5 

59. 6 14. 8 

59. 3 20. 5 

Bloc k 5 

Mean S D 

49. 6 21. 0 

48. 5 20. 2 

53. 1 21. 9 

49. 2 11. 5 

50. 1 18. 6 

of  2 0 trials .  Subject s wer e instructe d o f  th e bloc k structur e 

befor e commencin g th e task ,  an d kne w tha t  the y woul d b e re -

quire d t o identif y disease s base d o n minima l  informatio n i n 

th e fina l  block .  The y wer e instructe d tha t  i n thi s final  bloc k 

the y shoul d quer y th e sympto m tha t  woul d b e "mos t  helpfu l 

t o the m i n makin g thei r  diagnosis" . 

Symptoms an d disease s wer e relate d accordin g t o th e prob -

abilitie s give n i n Tabl e 1 ,  wit h fou r  strain s o f  'fl u (Aus -

tria n 'flu ,  Belgia n 'flu ,  Gree k 'flu ,  an d Danis h 'flu )  bein g 

mapped ont o th e diseas e name s an d five  c o m m o n 'fl u symp -

tom s (headache ,  shivering ,  sor e throat ,  coughing ,  an d sneez -

ing )  bein g mappe d ont o th e sympto m names .  Thi s map -

pin g wa s randomise d acros s subjects .  Thre e case s o f  eac h 
diseas e occurre d i n eac h o f  th e first  fou r  blocks ,  wit h five 

case s o f  eac h diseas e i n th e final  block .  I n orde r  t o exam -

in e th e effec t  o f  trainin g histor y th e sequenc e o f  case s pre -

sente d t o eac h subjec t  wa s generate d fro m on e o f  fou r  ran -

do m seeds .  Subject s wer e allocate d a t  rando m t o a  trainin g 

histor y group .  (Trainin g histor y wa s thu s a  between-subjec t 

independen t  variable. ) 
The experimen t  wa s administere d b y networke d softwar e 

runnin g ove r  th e department' s intranet .  Th e software ,  writte n 

i n JavaScrip t  fo r  us e wit h we b browsers ,  randoml y assigne d 

subject s t o eac h o f  th e fou r  trainin g condition s an d collecte d 

subjec t  response s a t  th e en d o f  each  block. ^ 

Results 

Diagnosti c accurac y Tabl e 2  show s mea n diagnosti c accu -

rac y fo r  eac h trainin g histor y condition ,  i n eac h o f  th e block s 

i n whic h a  diagnosi s wa s required ,  namel y 2 ,  4  an d 5 .  A  two -

factor ,  mixed-mode l  A N O V A show s a  significan t  effec t  o f 

bloc k (F(2,96 )  =  7.70 ,  p  <  0.0008) ,  bu t  n o effec t  o f  train -

in g histor y (F(3,48 )  =  0.28 )  an d n o interactio n (F(6,96 )  = 

0.91) .  Th e increas e i n diagnosti c accurac y betwee n block s 2 

and 4  (F(l,48 )  =  5.32 ,  p  <  0.0254) ,  an d th e decreas e be -

twee n block s 4  an d 5  (F(l,48 )  =  20.89 ,  p  <  0.0001) ,  ar e 

bot h significant .  S o ther e i s evidenc e o f  learnin g durin g th e 
trainin g phas e o f  th e experiment ,  an d o f  disruptio n o f  perfor -

mance b y th e differen t  tas k i n th e final  block ,  bu t  n o evidenc e 

of  an y effect s o f  trainin g histor y o n diagnosti c accuracy . 

Model  L.R . 

Bayes .  0.1 0 

Hypot .  0.2 5 

Assoc .  0.01 5 

Bloc k 2 

Mean S D 

39. 3 16. 3 

41. 0 15. 6 

36. 3 17. 2 

Bloc k 4 

Mean S D 

60. 3 17. 4 

57. 8 13. 9 

58. 0 20. 3 

Bloc k 5 

Mean S D 

74. 8 15. 1 

56. 3 16. 1 

57. 0 14. 6 

' a demonstratio n o f  th e clien t  syste m i s  availabl e a t 
http://redback.psyc.bbk.ac.uk/expts/jdm4/demo / 

Model  calibratio n Eac h mode l  contain s on e fre e parame -

ter ,  a  learnin g rate ,  tha t  determine s th e spee d an d accurac y 

of  learning .  H u m a n diagnosti c accurac y dat a fo r  bloc k 4 

was use d t o calibrat e learnin g i n al l  model s a s follows .  Fo r 

eac h model ,  simulation s (comprisin g 5 2 virtua l  subjects ,  1 3 

i n eac h trainin g histor y condition )  wer e conducte d fo r  a  rang e 

of  learnin g rates .  Learnin g rate s i n eac h mode l  wer e the n 

fixed  a t  value s leadin g t o diagnosti c accurac y o n bloc k 4 

whic h wa s mos t  commensurat e wit h th e huma n data .  Thi s 

approac h resulte d i n a  learnin g rat e o f  0.1 0 fo r  th e Bayesia n 

model ,  0.01 5 fo r  th e Associationis t  model ,  an d 0.2 5 fo r  th e 

Hypothesi s Testin g model .  (Thes e rate s ar e no t  compara -

bl e becaus e o f  th e differen t  learnin g mechanism s withi n eac h 

model. )  Onc e calibrated ,  al l  model s mak e parameter-fre e pre -

diction s fo r  sympto m quer y pattern s an d diagnosti c accurac y 

on th e final  block .  Th e experimen t  wa s deliberatel y designe d 

t o allo w thi s approac h t o mode l  testing . 

Tabl e 3  show s mea n diagnosti c accurac y fo r  eac h cali -

brate d model .  I t  i s  clea r  tha t  al l  th e model s sho w large r 

difference s betwee n block s 2  an d 4  tha n d o huma n subjects . 

Also ,  th e Bayesia n model' s diagnosti c performanc e improve s 

markedl y o n th e final  block ,  wherea s th e othe r  models '  per -

formance s d o not ,  bu t  non e o f  th e model s sho w th e significan t 

decreas e i n performanc e observe d i n th e huma n data . 

Human symptom queries Table 4 shows frequencies of 

each  possibl e sympto m quer y fo r  th e final  instanc e o f  eac h 

presentin g sympto m i n th e final  block .  Fo r  eac h row ,  ther e 

i s a  x ^  test  fo r  nonrando m distributio n o f  querie s (d.f.=3) . 
Fro m th e table ,  ther e ar e significan t  departure s fro m rando m 

distributio n fo r  querie s followin g sym l  presentin g an d sym 4 

presenting .  B y inspectio n o f  th e peak s i n eac h row ,  w e ca n 

see tha t  give n sym ]  presenting ,  huma n S s ten d t o quer y symO , 

and give n sym 4 presenting ,  S s ten d t o quer y sym2 . 

Bayesian Model Table 5 shows the final symptom query 

frequenc y tabl e fo r  th e Bayesia n model .  Ther e ar e onl y tw o 

significan t  quer y biases ,  fo r  sym O an d sym 3 presenting .  Thes e 

do no t  correspon d t o eithe r  o f  th e significan t  huma n biases . 

However ,  give n sym O presenting ,  th e Bayesia n mode l  tend s 

t o quer y syml ,  an d althoug h th e huma n effec t  doe s no t  reac h 

significance ,  it s  m a x i m u m i s als o symJ .  Bu t  th e Bayesia n ten -

denc y t o quer y sym 4 give n sym 3 i s no t  reflecte d i n th e H u m a n 

data . 

Moreover ,  th e significan t  huma n effect s ar e no t  parallele d 
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Tabl e 4 :  Fina l  sympto m quer y frequencie s fo r  eac h present -

in g sympto m (Huma n data ,  ro w A' ^  =  52) . 

Pres . 

Sym. 
symO 

syml 

sym2 

sym3 

sym4 

Quer y 

symO sym l  sym l  sym S sym 4 

19 9  1 4 1 0 
19 9  1 4 1 0 
13 8  1 4 1 7 
11 1 7 1 3 1 1 
14 6  2 1 1 1 

X'(3 )  p 
4.7 7 

9.6 9 ,02 1 

3.2 3 

1.8 5 

9.0 8 .02 8 

Tabl e 6 :  Fina l  sympto m quer y frequencie s fo r  eac h present -

in g sympto m (Hyp .  Testin g model ,  ro w N  =  52) . 

Pres . 

Sym. 
symO 

syml 

syml 

sym3 

sym4 

Quer y 

symO sym l  sym l  sym 3 sym 4 

25 1 2 6  9 

27 7  3  1 5 

5 2  5  4 0 

4 7  1 8 2 3 

1 9  3 3 9 

X'(3 )  p 
16.1 5 .00 1 

25.8 5 .00 1 

75.2 3 .00 1 

18.6 1 .00 1 

44.3 0 .00 1 

Tabl e 5 :  Fina l  sympto m quer y frequencies  fo r  eac h present -

in g sympto m (Bayesia n model ,  ro w N  =  52) . 

Pres . 

Sym. 
symO 

syml 

syml 

sym3 

sym4 

Quer y 

symO sym l  sym l  sym 3 sym 4 

26 7  9  1 0 
15 1 8 8  1 1 
13 1 4 1 0 1 5 
6 1 0 1 2 2 4 
14 1 5 1 2 1 1 

X'(3 )  P 
17.6 9 .00 1 

4.4 6 

1.0 8 

13.8 5 .00 3 

0.7 7 

Tabl e 7 :  Fina l  sympto m quer y frequencie s fo r  eac h present -

in g sympto m (Associationis t  model ,  ro w N  — 120) . 

Pres . 

Sym. 
symO 

syml 

syml 

sym3 

sym4 

Quer y 

symO sym l  sym l  sym 3 sym 4 

33 3 5 2 2 3 0 

25 2 5 4 2 2 8 

35 2 4 3 1 3 0 

28 2 5 2 3 4 4 

32 2 9 2 9 3 0 

X'(3 )  P 
3.2 7 

6.6 0 (.086 ) 

2.0 7 

9.1 3 .02 8 

0.2 0 

by th e correspondin g non-significan t  Bayesia n effects ;  give n 

syml  th e Bayesia n mode l  tend s t o quer y syml ,  unlik e th e hu -

man preferenc e fo r  symO ,  an d give n sym 4 th e Bayesia n mode l 

querie s syml ,  no t  syml . 

Hypothesis Testing Model Table 6 shows the final symp-

to m quer y frequenc y tabl e fo r  th e Hypothesi s Testin g model . 

Thi s exhibit s strong ,  highl y significan t  biase s fo r  eac h pre -

sentin g symptom .  Wit h regar d t o th e presentin g symptom s 

whic h giv e significan t  queryin g biase s i n th e huma n data , 

syml  an d sym4 ,  th e Hypothesi s Testin g mode l  generate s max -

im a i n th e sam e place s a s d o huma n subjects ;  i t  tend s t o quer y 

symO give n sym l  (cf .  Bayesia n model) ,  an d sym l  give n sym4 . 

But  also ,  eve n wher e th e huma n bia s i s non-significant ,  th e 

model  stil l  predict s th e mos t  frequen t  quer y correctl y i n tw o 

of  thre e cases ,  wit h sym O an d sym l  presenting ,  an d fail s t o 

predic t  th e huma n bia s onl y wit h sym 3 presenting . 

Associationist Model Unfortunately the Associationist 

model  produce d n o significan t  sympto m queryin g biase s a t 

al l  whe n calibrate d t o th e huma n leve l  o f  diagnosti c accurac y 

and subjec t  numbers .  Consequentl y thes e dat a ar e no t  pre -

sented ;  instead ,  th e mode l  wa s reru n wit h a  large r  numbe r  o f 

virtua l  subject s (120) ,  a t  th e sam e learnin g rate ,  resultin g i n 

Tabl e 7 . 

As Tabl e 7  shows ,  ther e i s onl y on e significan t  sympto m 

quer y bias ,  fo r  sym 3 presenting ,  whe n th e mode l  tend s t o 

quer y sym4 .  (Curiously ,  al l  th e model s predic t  th e sam e bia s 

fo r  sym3 ,  bu t  th e huma n bia s i s non-significan t  an d i n a  dif -

feren t  direction. )  Th e Associationis t  mode l  als o show s a n 

almost-significan t  bia s t o quer y sym 3 give n syml ,  unlik e th e 

othe r  model s an d unlik e th e significan t  huma n tendenc y t o 

quer y symO. 

Discussion of results 

The relativ e absenc e o f  significan t  biase s i n th e Bayesia n 

model  sympto m quer y dat a i s attributabl e t o th e larg e amoun t 

of  rando m varianc e i n th e model' s behaviour ,  a  consequenc e 

of  it s lo w learnin g rate .  Wit h highe r  learnin g rates ,  o r  wit h 

large r  number s o f  virtua l  subject s a t  th e sam e learnin g rate , 

th e model' s prediction s ar e quit e clea r  fo r  al l  presentin g 

symptoms .  Bu t  a s thing s stand ,  suc h prediction s a s ther e ar e 

fro m th e Bayesia n mode l  ar e no t  ver y wel l  born e ou t  i n th e 

human data . 

Unfortunately ,  eve n wit h larg e number s o f  virtua l  subject s 

th e prediction s o f  th e Associationis t  mode l  ar e minimal ,  an d 

do no t  correspon d t o huma n quer y biases .  S o w e ca n con -

clud e tha t  o f  th e three ,  th e Associationis t  mode l  give s th e 

poores t  accoun t  o f  th e huma n data . 

The Hypothesi s Testin g mode l  successfull y predict s th e 

significan t  sympto m queryin g biase s i n th e huma n data ,  a s 

wel l  a s th e direction s o f  mos t  o f  th e non-significan t  ones ,  s o 

i t  easil y fare s bes t  o f  th e thre e models .  W e ar e i n th e proces s 

of  collectin g mor e huma n data ,  i n orde r  t o determin e i f  mor e 

of  th e huma n quer y biase s ar e significant .  Wit h mor e huma n 

data ,  w e als o expec t  t o b e abl e t o investigat e possibl e effect s 

of  trainin g histor y o n sympto m queryin g strategies . 

The assumptio n tha t  huma n level s o f  performanc e ca n b e 

simulate d b y manipulatin g models '  learnin g rate s wa s rea -

sonabl y successful ,  i n tha t  i t  produce d a  goo d fit  betwee n hu -

man sympto m queryin g pattern s an d th e prediction s o f  on e o f 

th e models .  However ,  non e o f  th e model s generate d learnin g 

curve s o f  th e sam e shap e a s th e huma n curve ,  sinc e th e cali -
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brate d model s performe d mor e poorl y tha n human s o n bloc k 

2,  an d bette r  tha n human s o n bloc k 5 .  I t  seem s tha t  human s 

reac h pea k performanc e quit e earl y  i n th e experiment ,  bu t  find 

i t  har d t o improv e muc h thereafter .  Thei r  performanc e i s the n 

significantl y disrupte d o n th e final  block ,  wher e th e tas k i s 

somewhat  different . 

General Discussion 

The observe d superiorit y o f  th e Hypothesi s Testin g mode l 

ove r  th e Bayesia n i n fitting  huma n sympto m queryin g be -

haviou r  replicate s previou s findings  (Yul e e t  ai ,  1998 ;  Fox , 

1980) ,  despit e substantia l  variation s i n task ,  materials ,  ex -

perimenta l  interfac e an d method s o f  analysis .  Th e Hypoth -

esi s Testin g mode l  owe s it s succes s t o tw o factors :  i t  onl y 

querie s symptom s expecte d t o b e presen t  give n an y o f  th e hy -

pothesise d disease s (i.e. ,  i t  contain s a  confirmatio n bias) ,  an d 

querie s ar e ordere d accordin g t o a  recenc y principl e i n m e m-

or y (suc h tha t  behaviou r  i s determine d mor e b y recen t  event s 

tha n b y thos e i n th e mor e distan t  past) .  I t  i s  reasonabl e t o 

ask i f  incorporatio n o f  thes e biase s i n th e othe r  model s woul d 

improv e thei r  fit  wit h th e huma n data . 

Wit h respec t  t o th e Bayesia n model ,  sympto m querie s ar e 

selecte d o n th e basi s o f  expecte d informatio n gain ,  an d a s 

i n previou s studies ,  whil e th e mode l  ca n predic t  huma n be -

haviou r  i n a  fe w cases ,  i t  doe s no t  yiel d a  goo d overal l  fit 

wit h huma n questionin g patterns .  Oaksfor d &  Chate r  (1994 ) 

hav e argue d tha t  Bayesia n approache s i n simila r  informatio n 

seekin g task s ca n giv e a  goo d accoun t  o f  huma n performanc e 

when the y ar e supplemente d wit h a  "rarit y assumption" .  I n 

th e curren t  task ,  suc h a n assumptio n woul d hav e th e effec t 

of  restrictin g th e searc h fo r  evidenc e t o symptom s expecte d 

t o b e presen t  give n th e mos t  likel y diseases .  I n othe r  words , 

i n th e curren t  tas k suc h a n assumptio n woul d amoun t  t o a 
Bayesia n implementatio n o f  a  confirmatio n bias .  Incorpora -

tio n o f  th e rarit y assumptio n int o th e Bayesia n mode l  i s there -

for e o f  som e importance . 

The secon d facto r  contributin g t o th e Hypothesi s Testin g 

model' s superio r  performance ,  recency ,  migh t  als o b e incor -

porate d int o a  Bayesia n mode l  b y weightin g recen t  event s i n 

th e estimatio n o f  even t  frequencie s use d t o determin e th e var -

iou s numerica l  factor s require d b y Bayes '  theorem .  Suc h a 
weightin g i s appealin g give n recenc y effects ,  bu t  it s incorpo -

ratio n woul d ad d a n extr a paramete r  t o th e Bayesia n model , 

thu s raisin g furthe r  difficultie s i n mode l  evaluation . 

The Associationis t  mode l  coul d als o benefi t  fro m a  re -

evaluatio n o f  it s approac h t o sympto m querying .  Th e diffi -

cult y her e i s tha t  i n th e first  fou r  block s th e mode l  i s  give n ful l 

symptom/diseas e information .  Ther e i s n o obviou s wa y i n 

whic h a n associativ e networ k ca n produc e sequentia l  symp -

to m queryin g behaviou r  fro m thi s stati c information .  Stan -

dar d associativ e networ k approache s t o sequencin g (recurren t 

networks )  offe r  littl e assistanc e wit h thi s problem .  Networ k 

model s employin g competitiv e activatio n ma y b e appropriate , 

but  suc h model s hav e littl e i n c o m m o n wit h th e associativ e 

framewor k fro m wher e w e started . 

A final  methodologica l  poin t  i s i n orde r  Th e precis e for m 

of  th e experimen t  wa s dictate d b y th e requirement s o f  mode l 

testing .  W e hav e no t  simpl y attempte d t o fit  model s t o th e 

data .  Rather ,  th e experimen t  wa s designe d t o yiel d tw o de -

penden t  measures :  diagnosti c accurac y an d sympto m quer y 

strategy .  Th e first  measur e wa s use d t o fix  th e singl e fre e 

paramete r  i n eac h model .  Th e resul t  wa s a  se t  o f  predictiv e 

models .  Table s 5,6 ,  an d 7  ar e moAt \  prediction s — generabl e 

(i n principle )  befor e subject s begi n th e final  bloc k o f  th e ex -

periment .  Fe w cognitiv e model s ar e paramete r  free .  Fo r  thos e 

tha t  ar e not ,  w e strongl y advocat e a  methodolog y suc h a s 

our s wher e th e requirement s o f  mode l  evaluatio n determin e 

aspect s o f  subsequen t  empirica l  work .  Thi s methodology ,  w e 

aver ,  i s  fa r  mor e soun d tha n th e mor e c o m m o n approac h o f 

dat a fitting  vi a th e adjustmen t  o f  paramete r  values . 

I n sum ,  th e comparativ e evaluatio n o f  thre e ver y differ -

ent  model s o f  decisio n makin g unde r  uncertainty ,  a s ap -

plie d t o th e medica l  diagnosi s task ,  leave s u s cautiousl y op -

timisti c wit h respec t  t o fas t  an d fruga l  alternative s t o optima l 

Bayesia n accounts .  Th e evidenc e fo r  purel y associativ e pro -

cesses ,  however ,  appear s weak . 
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