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T h e I m p a c t  o f  Informatio n Representatio n o n Bayesia n Reasonin g 

Ulric h Hoffrag e an d Ger d Gigerenze r 
Cente r  fo r  Adaptiv e Behavio r  an d Cognitio n 

M ax Planc k Institut e fo r  Psychologica l  Researc h 
Leopoldstrass e 24 ,  8080 2 Munich ,  Germany . 

{ h o f  f r a g e , g i g e r e n z e r } @ m p i p f - m u e n c h e n . m p g . d e 

Abst rac t 
Previou s researc h o n Bayesia n inference ,  reportin g poo r 
performanc e b y student s an d expert s alike ,  ha s ofte n le d t o 
th e conclusio n tha t  th e min d lack s th e appropriat e 
cognitiv e algorithm .  W e argu e tha t  thi s conclusio n i s 
unjustifie d becaus e i t  doe s no t  tak e int o accoun t  th e 
informatio n forma t  i n whic h thi s cognitiv e algorith m i s 
designe d t o operate .  W e demonstrat e tha t  a  Bayesia n 
algorith m i s  computationall y simple r  whe n th e 
informatio n i s  represente d i n a  frequenc y rathe r  tha n a 
probabilit y  forma t  tha t  ha s bee n use d i n previou s research . 
A frequenc y forma t  correspond s t o th e wa y informatio n i s 
acquire d i n natura l  sampling—sequentiall y an d withou t 
constraint s o n whic h observation s wil l  b e include d i n th e 
sample .  Base d o n th e assumptio n tha t  performanc e wil l 
reflec t  computationa l  complexity ,  w e predic t  tha t  a 
frequenc y forma t  yield s mor e Bayesia n solution s tha n a 
probabilit y  format .  W e teste d thi s predictio n i n a  stud y 
conducte d wit h 4 8 physicians .  Usin g outcom e an d proces s 
analysis ,  w e categorize d thei r  individua l  solution s a s 
Bayesia n o r  non-Bayesian .  Whe n informatio n wa s 
presente d i n th e frequenc y format ,  4 6 % o f  thei r  inference s 
wer e obtaine d b y a  Bayesia n algorithm ,  a s compare d t o 
onl y 1 0 % whe n th e problem s wer e presente d i n th e 
probabilit y  format .  W e discus s th e impac t  o f  ou r  result s o n 
teachin g statistica l  reasoning . 

I s th e mind ,  b y design ,  predispose d agains t  performin g 
Bayesia n inference ? Th e classica l  probabilist s o f  th e 
Enlightenment ,  includin g Condorcet ,  Poisson ,  an d Laplace , 
w ho equate d probabilit y  theor y wit h th e c o m m o n sens e o f 
educate d people ,  woul d hav e sai d th e answe r  i s  no .  An d 
when War d Edward s an d hi s  colleague s (Edwards ,  1968 ) 
starte d t o tes t  experimentall y whethe r  huma n inferenc e 
follow s Hayes '  theorem ,  the y gav e th e sam e answer : 
althoug h "conservative, "  inference s wer e usuall y 
proportiona l  t o thos e calculate d fro m Hayes '  theorem . 
Kahneman an d Tversk y (1972 ,  p .  450) ,  however ,  arrive d a t 
th e opposit e conclusion :  "I n hi s evaluatio n o f  evidence ,  m a n 
i s apparentl y no t  a  conservativ e Bayesian :  h e i s no t  a 
Hayesia n a t  all. "  I n th e 1970 s an d '80s ,  proponent s o f  thei r 
"heuristics-and-biases "  progra m amasse d a n apparentl y 
damnin g bod y o f  evidenc e tha t  peopl e systematicall y neglec t 
bas e rate s i n Hayesia n inferenc e problems .  Thi s coul d b e 
show n no t  onl y wit h students ,  bu t  als o wit h expert s i n thei r 
fields,  fo r  instance ,  wit h physician s (Casscells , 
Schoenberger ,  &  Grayboys ,  1978 ;  Eddy ,  1982) . 

Thus ,  ther e ar e tw o contradictor y claim s a s t o whethe r 
peopl e naturall y reaso n accordin g t o Hayesia n inference .  I n 

thi s pape r  w e argu e tha t  bot h view s ar e base d o n a n 
incomplet e analysis :  The y focu s o n cognitiv e processes , 
Bayesia n o r  otherwise ,  withou t  makin g th e connectio n 
betwee n wha t  w e wil l  cal l  a  cognitiv e algorith m an d a n 
informatio n format .  W e (a )  provid e a  theoretica l  framewor k 
(base d o n Gigerenze r  an d Hoffrage ,  1995 )  tha t  specifie s wh y 
a frequency  forma t  shoul d improv e Hayesia n reasonin g an d 
(b )  presen t  a  stud y tha t  test s thi s hypothesis . 

Algorithms Are Designed for 
I n f o r m a t i o n F o r m a t s 

Our argument centers on the intimate relationship between a 
cognitiv e algorith m an d a n informatio n format .  Thi s poin t 
was mad e i n a  mor e genera l  for m b y th e physicis t  Richar d 
Feynman .  I n hi s classi c Th e Characte r  o f  Physica l  U w 
(1967) ,  Feynma n place s grea t  emphasi s o n th e importanc e 
of  derivin g differen t  formulation s fo r  th e sam e physica l  law , 
eve n i f  the y ar e mathematicall y equivalen t  (e.g. ,  Newton' s 
law ,  th e loca l  field  method ,  an d th e m i n i m u m principle) . 
Differen t  representation s o f  a  physica l  law ,  Feynma n 
remind s us ,  ca n evok e varie d menta l  picture s an d thu s assis t 
i n makin g ne w discoveries :  "Psychologicall y the y ar e 
differen t  becaus e the y ar e completel y unequivalen t  whe n yo u 
ar e tryin g t o gues s ne w laws "  (p .  53) .  Likewise ,  Stephe n 
Palme r  (1978 )  point s ou t  i n hi s analysi s o f  differen t  mode s 
of  representatio n "tha t  n o for m o f  representationa l 
equivalenc e guarantee s tha t  performanc e characteristic s wil l 
be th e sam e fo r  tw o representation s embedde d i n proces s 
models "  (p .  272) . 

Conside r  numerica l  informatio n a s on e exampl e o f  a n 
externa l  representation .  Number s ca n b e represente d i n 
R o m a n,  Arabic ,  an d binar y systems ,  a m o n g others .  Thes e 
representation s ca n b e mappe d one-to-on e ont o eac h othe r 
and ar e i n thi s sens e mathematicall y equivalent .  Bu t  th e 
for m o f  representatio n ca n m a k e a  differenc e fo r  a n algorith m 
tha t  does ,  say ,  multiplication .  Th e algorithm s o f  ou r  pocke t 
calculators ,  fo r  instance ,  ar e tune d t o Arabi c number s a s 
inpu t  dat a an d woul d fai l  badl y i f  on e entere d binar y 
numbers . 

Our  genera l  argumen t  i s tha t  mathematicall y equivalen t 
representation s o f  informatio n entai l  algorithm s tha t  ar e no t 
necessaril y  computationall y equivalent .  Thi s poin t  ha s a n 
importan t  corollar y fo r  researc h o n inductiv e reasoning . 
Suppos e w e ar e intereste d i n figuring  ou t  wha t  algorith m a 
syste m uses .  W e wil l  no t  detec t  th e algorith m i f  th e 
representatio n o f  informatio n w e provid e th e syste m doe s 
not  matc h th e representatio n wit h whic h th e algorith m 
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works .  Fo r  instance ,  assum e tha t  i n a n effor t  t o find  ou t 
whethe r  a  system ,  suc h a s a  pocke t  calculator ,  ha s a n 
algorith m fo r  multiplication ,  w e fee d tha t  syste m binar y 
numerals .  Th e observatio n tha t  th e syste m produce s mostl y 
garbag e doe s no t  entai l  th e conclusio n tha t  i t  lack s a n 
algorith m fo r  multiplication .  W e wil l  n o w appl y thi s 
argumen t  t o Bayesia n inference . 

Probability Format 

In this paper we focus on an elementary form of Bayesian 
inferenc e tha t  ha s bee n th e subjec t  o f  almos t  al l 
experimenta l  studie s o n Bayesia n inferenc e i n th e las t  2 5 
years .  Th e followin g "mammograph y problem "  (adapte d 
fro m Eddy ,  1982 )  i s on e example : 

Mammography problem (probability format) 
The probabilit y  o f  breas t  cance r  i s 1 % fo r  a  w o m a n a t  ag e 
fort y w h o participate s i n routin e screening .  I f  a  w o m a n 
has breas t  cancer ,  th e probabilit y i s  8 0 % tha t  sh e wil l 
hav e a  positiv e mammography .  I f  a  w o m a n doe s no t  hav e 
breas t  cancer ,  th e probabilit y i s  1 0 % tha t  sh e wil l  als o 
hav e a  positiv e mammography . 
A w o m a n i n thi s ag e grou p ha d a  positiv e mammograph y 
i n a  routin e screening .  Wha t  i s th e probabilit y  tha t  sh e 
actuall y ha s breas t  cancer ? % 

There are two mutually exclusive and exhaustive 
hypothese s (H :  breas t  cance r  an d - H :  n o breas t  cancer )  an d 
one observatio n (D :  positiv e test) .  Al l  informatio n (bas e 
rate ,  hi t  rate ,  an d fals e alar m rate )  i s represente d i n term s o f 
single-even t  probabilitie s attache d t o a  singl e person .  (Here , 
the y ar e expresse d a s percentages ;  alternatively ,  the y ca n b e 
presente d a s number s betwee n zer o an d one. )  Th e tas k i s t o 
estimat e a  single-even t  probability .  Th e algorith m neede d t o 
calculat e th e Bayesia n posterio r  probabilit y 
p(cancerlpositive )  fro m thi s forma t  ca n b e see n i n Figur e 1 
(lef t  side) ,  wher e th e informatio n i s  alread y inserte d int o 
Bayes '  rule .  Th e resul t  i s  .075 . 

We kno w fro m severa l  studie s tha t  physicians ,  colleg e 
student s (Eddy ,  1982) ,  an d staf f  a t  Harvar d Medica l  Schoo l 
(Casscells ,  Schoenberger ,  &  Grayboys ,  1978 )  al l  hav e 
equall y grea t  difficultie s wit h thi s an d simila r  medica l 
diseas e problems .  Fo r  insunce ,  Edd y (1982 )  reporte d tha t  9 5 
out  o f  10 0 physician s estimate d th e posterio r  probabilit y t o 
be betwee n 7 0 % an d 8 0 % ,  rathe r  tha n 7.5% . 

I n th e las t  fe w decades ,  thi s probabilit y  forma t  ha s becom e 
a c o m m o n wa y t o communicat e information ,  foun d 
everywher e fro m medica l  an d statistica l  textbook s t o 
psychologica l  experiments .  No t  surprisingly ,  th e 
experimenter s w h o hav e amasse d th e evidenc e tha t  human s 
fai l  t o mee t  th e norm s o f  Bayesia n inferenc e hav e usuall y 
give n thei r  subject s informatio n i n th e probabilit y  forma t 
(o r  it s variant ,  i n whic h on e o r  mor e o f  th e thre e percentage s 
ar e relativ e frequencies) .  Bu t  i t  i s  onl y on e o f  man y 
mathematicall y equivalen t  way s o f  representin g information . 
I t  is ,  moreover ,  a  recentl y invente d notation :  Percentage s 
became c o m m o n notatio n onl y durin g th e 19t h century . 
H o w di d organism s acquir e informatio n befor e tha t  time ? 

Probabilit y  F o r m a t  F r e q u e n c y F o r m a t 

P(H) 

p(D|H ) 

p(D|-H ) 

p (diseas e |  symptom ) 

.0 1 X  .8 0 

.01X.8 0 +  .99X.1 0 

p (diseas e |  symptom ) 

8 

8 +  9 9 

Figur e 1 :  Bayesia n inferenc e an d informatio n representatio n 
(probabilit y  forma t  an d frequenc y forma t  wit h 
frequencie s a s obtaine d b y natura l  sampling) . 

Natura l  S a m p l i n g o f  Frequenc ie s 

We assume that as humans evolved, the "natural" format 
was frequenc y a s actuall y experience d i n a  serie s o f  events , 
rathe r  tha n probabilit y o r  percentage .  F ro m animal s t o 
neura l  networks ,  system s see m t o lear n abou t  contingencie s 
throug h sequentia l  encodin g an d updatin g o f  even t 
frequencies.  Thi s sequentia l  acquisitio n o f  informatio n b y 
updatin g even t  frequencies  withou t  grtifipiall y  fixin g th e 
margina l  frequencies  (e.g. ,  o f  diseas e an d no-diseas e cases )  i s 
what  w e refe r  t o a s natura l  samplin g (Kleiter ,  1994) . 
Brunswik' s "representativ e design "  i s  a  specia l  cas e o f 
natura l  samplin g (Brunswik ,  1955) .  I n contrast ,  i n 
experimenta l  researc h th e margina l  frequencies  ar e typicall y 
fixed  a  priori .  Fo r  instance ,  a n experimente r  m a y wan t  t o 
investigat e 10 0 peopl e wit h diseas e an d a  contro l  grou p o f 
100 peopl e withou t  disease .  Thi s kin d o f  samplin g wit h 
fixed  margina l  frequencies  i s no t  wha t  w e refe r  t o a s natura l 
sampling . 

Th e evolutionar y argumen t  tha t  cognitiv e algorithm s wer e 
designe d fo r  frequency  information ,  acquire d throug h natura l 
sampling ,  ha s implication s fo r  th e computation s a n 
organis m need s t o perfor m whe n makin g Bayesia n 
inferences .  Imagin e a n old ,  experience d physicia n i n a n 
illiterat e society .  Sh e ha s n o book s o r  statistica l  survey s an d 
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therefor e mus t  rel y solel y o n he r  experience .  He r  peopl e 
hav e bee n afflicte d b y a  previousl y unknow n an d sever e 
disease .  Fortunately ,  th e physicia n ha s discovere d a 
sympto m tha t  signal s th e disease ,  althoug h no t  wit h 
certainty .  I n he r  lifetim e sh e ha s see n 1,00 0 people ,  1 0 o f 
w h o m ha d th e disease .  O f  thos e 10 ,  8  showe d th e symptom ; 
of  th e 99 0 no t  afflicted ,  9 5 did .  N o w a  ne w patien t  appears . 
He ha s th e symptom .  Wha t  i s th e probabilit y  tha t  h e 
actuall y ha s th e disease ? 

The physicia n i n th e illiterat e societ y doe s no t  nee d a 
pocke t  calculato r  t o estimat e th e Bayesia n posterior .  Al l  sh e 
need s i s th e numbe r  o f  case s tha t  ha d bot h th e sympto m an d 
th e diseas e (here :  8 )  an d th e numbe r  o f  sympto m case s (here : 
8 +  95) .  Th e Bayesia n algorith m fo r  computin g th e 
posterio r  probabilit y  fro m th e frequency  forma t  ca n b e see n 
i n Figur e 1  (righ t  side) .  Th e physicia n doe s no t  nee d t o kee p 
trac k o f  th e bas e rat e o f  th e disease .  He r  mode m counterpart , 
th e medica l  studen t  wh o struggle s wit h single-even t 
probabilitie s presente d i n medica l  textbooks ,  ma y o n th e 
othe r  han d hav e t o rely  o n a  calculato r  an d en d u p wit h littl e 
understandin g o f  th e result 

So far ,  w e hav e see n tha t  Bayesia n algorithm s ar e 
computationall y simple r  whe n informatio n i s encode d i n a 
frequency  forma t  rathe r  tha n a  probabilit y  format .  B y 
"computationall y simpler "  w e mea n tha t  (a )  fewe r  operation s 
(multiplication ,  addition ,  o r  division )  nee d t o b e performe d 
i n th e friequency  format ,  an d (b )  th e operation s ca n b e 
performe d o n natura l  number s (absolut e frequencies)  rathe r 
tha n fractions  (suc h a s percentages) .  Fro m thi s observation , 
we deriv e th e predictio n tha t  a  frequencv  forma t  elicit s a 
substantiall y  highe r  proportio n o f  B^yesi ^  algorithm ? tha n 
a probabilit y  format .  Henceforth ,  whe n w e us e th e ter m 
"frequenc y format, "  w e alway s refer  t o frequencies  a s define d 
by th e natura l  samplin g tre e i n Figur e 1 . 

Study: Frequency Formats Improve 
B a y e s i a n R e a s o n i n g 

In a study previously conducted with 60 subjects from the 
Universit y o f  Salzburg ,  Austri a (se e Gigerenze r  &  Hoffrage , 
1995 ,  Stud y 1) ,  w e demonstrate d tha t  th e frequency  forma t 
elicite d a  substantiall y  highe r  proportio n o f  Bayesia n 
algorithm s tha n th e probabilit y  format .  I n 1 5 differen t 
inferentia l  problems ,  includin g th e mammograph y problem , 
Bayesia n reasonin g wen t  u p from  1 6 % i n th e probabilit y 
forma t  t o 4 6 % an d 5 0 % i n tw o version s o f  th e frequency 
format .  N o instructio n o r  feedbac k wa s given ;  th e 
informatio n forma t  b y itsel f  improve d Bayesia n reasoning . 
Simila r  result s wer e obtaine d b y Christensen-Szalansk i  an d 
Beach (1982 )  an d Cosmide s an d Toob y (1996) .  Now , 
remember  tha t  bot h Casscell s e t  al .  (1978 )  an d Edd y (1982 ) 
reported  poo r  performance s from  th e physician s the y 
investigated .  Becaus e Bayesia n reasonin g i s o f  grea t 
importanc e i n medicine ,  th e goa l  o f  th e curren t  stud y wa s t o 
see whethe r  no t  onl y student s bu t  als o physician s coul d gai n 
fro m a  frequentistic  representatio n o f  th e information .  On e 
migh t  suspec t  tha t  thi s metho d onl y work s wit h student s 
who lac k experienc e i n diagnosti c inference ,  bu t  no t  wit h 
physician s wh o mak e diagnosti c inference s ever y day .  O n 
th e othe r  hand ,  medica l  textbook s typicall y presen t 

informatio n abou t  bas e rates ,  hi t  rates ,  an d fals e alar m rates 
i n a  probabilit y  forma t  (a s i n Figur e I ,  lef t  side) .  Jus t  a s a 
pocke t  calculato r  i s unabl e t o proces s binar y numeral s 
adequately ,  physician s ma y b e unabl e t o proces s statistica l 
informatio n i f  i t  i s  presente d i n a  forma t  fo r  whic h thei r 
mind s wer e no t  designed . 

Method 

Participants. We investigated 48 Munich physicians, 18 
from  universit y hospitals ,  1 6 from  privat e o r  publi c 
hospitals ,  an d 1 4 from  privat e practice .  Mea n ag e wa s 4 2 
year s an d mea n tim e o f  professiona l  servic e wa s 1 4 year s 
wit h a  rang e o f  on e mont h t o 3 0 year s (ou r  sampl e include d 
beginner s a s wel l  a s director s o f  clinics) .  The y wer e studie d 
individually . 

Materials. We used four medical problems, including the 
mammography proble m adapte d from  Edd y (1982) .  Th e 
othe r  thre e problem s concerne d (1 )  colo n cance r  an d positiv e 
haemoccul t  bloo d test ,  (2 )  Bechterew' s diseas e an d HL -
Antige n B27 ,  an d (3 )  Phenylketonuri a an d positiv e Guthrie -
tes t  a s diseas e an d symptom ,  respectively .  W e consulte d 
expert s an d th e literatur e t o determin e th e bes t  statistica l 
informatio n availabl e fo r  th e bas e rates ,  hi t  rates ,  an d fals e 
alar m rates . 

Design and Procedure. For each problem we 
constructe d tw o versions :  on e i n th e probabilit y  forma t  an d 
one i n th e frequency  format .  Participant s receive d a  bookle t 
containin g al l  fou r  problems ,  tw o o f  the m i n probabilit y 
forma t  an d tw o i n frequency  format .  Assignmen t  o f 
problem s t o formats ,  a s wel l  a s orde r  o f  format s an d 
problem s wer e completel y counterbalanced . 

The physician s worke d o n th e bookle t  a t  thei r  ow n pac e 
(o n averag e 7  minute s pe r  problem) .  Eac h proble m wa s o n 
one sheet ,  followe d b y a  separat e shee t  wher e th e physician s 
wer e aske d t o mak e notes ,  calculations ,  o r  drawings .  Afte r 
filling  ou t  th e bookle t  the y wer e interviewe d abou t  thei r 
menta l  processes . 

Results 

We classified an inferential process as a Bayesian algorithm 
onl y i f  (a )  th e estimate d probabilit y  o r  frequency  wa s th e 
same a s th e valu e calculate d from  applyin g Bayes '  theore m 
t o th e informatio n give n (outcom e criterion) ,  w d th e note s 
th e physician s mad e whil e solvin g th e problem s and/o r  th e 
follow-u p interview s suggeste d tha t  th e answe r  wa s no t  jus t 
a gues s bu t  a  Bayesia n computatio n a s define d b y th e 
equation s i n Figur e 1  (proces s criterion) ,  q t  i f  (b )  th e 
solutio n wa s obtaine d b y a  shortcu t  algorith m tha t  stil l 
provide d th e correc t  answe r  plu s o r  minu s 5  percentag e 
points . 

The result s confirme d ou r  prediction :  Acros s al l  9 6 
individua l  proble m solution s fo r  th e probabilit y  forma t  (4 8 
physician s time s tw o problems) ,  1 0 % wer e correct ,  wherea s 
fo r  th e frequenc y format ,  4 6 % wer e correc t  (tdf=i9o=5-5 , 

p<0.001) .  Figur e 2  show s th e absolut e frequencie s o f 

Bayesia n solution s fo r  th e fou r  problems . 
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Figur e 2 :  Numbe r  o f  Bayesia n algorithm s i n th e fou r 
problems .  ( M a x i m u m numbe r  possible :  24. ) 

This  difference in performance is reflected in the remarks the 
physician s mad e whil e workin g o n th e problems .  Fo r 
instance ,  whe n workin g o n probability-forma t  problems , 
severa l  mad e complaint s suc h a s " I  simpl y can' t  d o that . 
Mathematic s i s no t  m y forte, "  o r  "Ther e i s a  formula ,  bu t  a t 
th e moment  I  can' t  deriv e it. "  However ,  wit h a  frequency 
format ,  som e typica l  remark s were ,  " N o w it' s  different .  It' s 
quit e eas y t o imagine .  Ther e i s a  frequency;  that' s mor e 
visual, "  o r  "Oh ,  h o w nice-thi s i s  jus t  lik e th e woc d 
problem s w e di d i n elementar y school .  A  first  grade r  coul d 
do this .  W o w ,  i f  someon e can' t  solv e this...! "  Lik e th e 
Bayesia n algorithms ,  th e non-Bayesia n algorithm s wer e als o 
format-specific :  I n 1 8 (5 )  ou t  o f  th e 9 6 probabilit y 
(frequency )  versions ,  ou r  physician s gav e th e hi t  rate . 
p(DIH) ,  a s th e posterior .  Fo r  th e algorith m tha t  w e tenme d 
likelihoo d subtraction .  p(DIH )  p(DI-H) ,  th e correspondin g 
number s wer e 2 0 (5 )  ou t  o f  96 .  T w o o f  th e algorithm s tha t 
wer e dominan t  i n th e frequency  forma t  wer e bas e rat e only . 
p(H) ,  whic h wa s applie d i n 1  (15 )  ou t  o f  9 6 case s i n th e 
probabilit y  (frequency )  format ,  an d percentag e positive . 
p(D) ,  wher e frequency  o f  us e wa s 0  (9 )  ou t  o f  96 , 
respectively .  (Les s frequent  algorithm s ar e no t  reporte d here) . 
For  2 8 (12 )  ou t  o f  th e 9 6 proble m solution s i n th e 
probabilit y  (frequency )  versio n w e wer e unabl e t o identif y 
any algorith m a t  all . 

The physician s spen t  abou t  2 5 % mor e tim e o n th e 
probabilit y  problems ,  whic h reflect s tha t  the y foun d thes e 
mor e difficul t  t o solve .  M a n y o f  the m reacte d ~  cognitively , 
emotionally ,  an d physiologicall y -  differentl y t o probabilit y 
and frequency  formats .  The y wer e mor e ofte n nervou s whe n 
informatio n wa s presente d i n probabilities ,  an d the y wer e 
les s skeptica l  o f  th e relevanc e o f  statistica l  informatio n t o 
medica l  diagnosi s whe n th e informatio n wa s i n frequencies. 
Bayesia n response s wer e ag e correlated :  Th e olde r  hal f  o f  th e 
physician s (mor e tha n 4 0 year s old )  contribute d onl y 3 7 % o f 
th e Bayesia n solutions ,  th e younge r  hal f  6 3 % . 

Discussion 

We return to our initial question: Is the mind, by design, 
predispose d agains t  performin g Bayesia n inference ? Th e 
conclusio n o f  2 5 year s o f  heuristics-and-biase s researc h 
woul d sugges t  a s much .  Thi s previou s research ,  however . 

has consistentl y neglecte d th e insigh t  tha t  mathematicall y 
equivalen t  informatio n format s nee d no t  b e psychologicall y 
equivalent .  A n evolutionar y poin t  o f  vie w suggest s tha t  th e 
min d i s  tune d t o a  frequency  format ,  whic h i s th e 
informatio n forma t  human s encountere d lon g befor e th e 
adven t  o f  probabilit y  theory .  W e hav e show n tha t 
mathematicall y equivalen t  representation s o f  informatio n ca n 
entai l  computationall y differen t  Bayesia n algorithm s an d w e 
reporte d a  stud y conducte d wit h physician s tha t  demonstrate d 
h o w performanc e ca n b e improve d b y presentin g th e 
informatio n i n th e frequency  rathe r  tha n th e probabilit y 
format . 

Thi s strikin g resul t  ca n b e usefu l  fo r  teachin g statistica l 
reasoning~ a field  tha t  i s  stil l  neglected ,  no t  onl y i n hig h 
schoo l  mathematic s educatio n bu t  ofte n i n researc h a s well . 
Up unti l  now ,  onl y a  fe w studie s hav e attempte d t o teac h 
Bayesia n inference ,  mainl y b y outcom e feedback ,  an d wit h 
littl e o r  n o success .  Th e presen t  framework  suggest s a n 
effectiv e wa y t o teac h Bayesia n inferenc e an d statistica l 
reasonin g i n general :  Instea d o f  teachin g rule s an d h o w t o 
inser t  probabilitie s int o them ,  i t  seem s t o b e mor e 
promisin g t o teac h representation s an d h o w t o translat e 
probabilitie s int o frequency  representations .  Sedlmeie r  an d 
Gigerenze r  (1996 )  implemente d bot h method s i n a 
computerize d tutoria l  system .  A n d indee d the y coul d sho w 
tha t  teachin g representation s yielde d performance s mor e tha n 
twic e a s goo d a s thos e obtaine d b y rul e training .  Moreover , 
th e advantag e remaine d stabl e 5  week s afte r  training ,  wherea s 
th e effec t  o f  th e rule-learnin g progra m ha d show n th e usua l 
rapi d decay . 

However ,  beside s teachin g statistica l  reasoning ,  ther e i s a 
m u ch mor e direc t  impac t  o f  ou r  results .  Physician s ar e ofte n 
reporte d t o becom e uneas y o r  eve n angr y whe n aske d fo r 
statistica l  informatio n (Eddy ,  1988) ,  an d t o believ e tha t  thei r 
patient s d o no t  understand ,  o r  d o no t  wan t  t o understand ,  th e 
uncertaintie s inheren t  i n diagnosi s an d therap y (Katz ,  1988) . 
We imagin e tha t  a  frequency  forma t  migh t  hel p improv e th e 
communicatio n betwee n patient s an d physician s (Bursztaj n 
et  al. ,  1981 )  an d provid e a  too l  fo r  helpin g th e patien t  t o 
become a  mor e ap t  decisio n maker . 
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