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Abstrac t 

This paper examines the naive Bayesian model and 
extension s o f  i t  t o accoun t  fo r  th e effect s o f  bas e rat e 
neglec t  an d invers e bas e rates .  Thes e ar e huma n 
categorizatio n phenomen a i n whic h bas e rat e informatio n 
appear s t o b e ignored .  Th e naiv e Bayesia n classifie r 
account s fo r  a  subse t  o f  th e phenomen a observe d i n bas e 
rat e experiments .  A n extensio n t o th e mode l  i s examine d 
tha t  use s structur e i n th e dat a set s resultin g fro m feature s 
share d betwee n categories . 

Introduction 

Th e bas e rat e o f  a  categor y i s th e probabilit y  o f  occurrenc e 
of  a n instanc e o f  tha t  category .  H u m a n s appea r  t o b e 
sensitiv e t o th e bas e rate s o f  categorie s i n trainin g an d 
testin g dat a sets .  I n som e circumstance s th e mor e time s a 
categor y appears ,  th e mor e likel y human s ar e t o predic t  it s 
occurrence .  However ,  i n othe r  experimenta l  settings , 
categorie s wit h smalle r  bas e rate s appea r  t o b e preferre d t o 
categorie s wit h large r  bas e rates . 

Base rat e neglec t  refer s t o a  categorizatio n phenomeno n i n 
whic h a  featur e tha t  occur s proportionall y i n tw o categorie s 
appear s t o b e associate d wit h th e les s probabl e categor y (i.e. , 
lowe r  bas e rate) .  H u m a n categorizatio n performanc e 
suggest s tha t  th e highe r  bas e rate s o f  th e mor e probabl e 
categorie s ar e bein g ignored .  Gluc k an d Bowe r  (1988 ) 
showe d apparen t  bas e rat e neglec t  i n a  medica l  categorizatio n 
task .  Th e participant s wer e traine d t o predic t  a  c o m m o n an d 
a rar e diseas e give n a  sympto m se t  o f  fou r  symptom s s i  t o 
s4 . 

Th e probabilit y  o f  th e rar e diseas e occurrin g wa s 0.2 5 an d 
th e probabilit y o f  th e c o m m o n diseas e occurrin g wa s 0.75 . 
Th e sympto m probabilitie s give n th e rar e diseas e wer e 0.69 , 
0.46 ,  0.35 ,  an d 0.2 3 fo r  symptom s s i  t o s4 ,  respectively . 
Th e probabilitie s give n th e c o m m o n diseas e ar e i n th e 
revers e order .  Sinc e th e probabilit y o f  s i  i s  0.345 ,  usin g 
Baye s formul a th e probabilit y  o f  th e rar e diseas e give n s i  i s 
0.5 .  However ,  whe n aske d t o predic t  diseas e give n a  cu e o f 
si ,  participant s predicte d th e rar e diseas e 0.6 7 o f  th e time . 
Collectively ,  th e poo l  o f  participant s ten d t o over-estimat e 
th e probabilit y  o f  th e rar e diseas e give n th e symptom . 

Th e invers e bas e rat e phenomeno n ca n b e describe d a s 
follows .  Suppos e on e featur e i s onl y identifie d wit h a  hig h 
bas e rat e categor y an d anothe r  featur e i s identifie d wit h a  lo w 
bas e rat e category .  W h e n a  cu e i s  give n i n whic h bot h 

feature s ar e togethe r  an d th e participan t  i s  aske d t o categoriz e 
th e cue ,  th e participan t  wil l  ten d t o respon d wit h th e lowe r 
bas e rat e category . 

Base rat e neglec t  an d invers e bas e rat e phenomen a hav e 
apparentl y struc k investigator s a s surprisin g becaus e thes e 
phenomen a see m counte r  t o a  tacit ,  appropriat e decisio n 
procedure .  Thus ,  thi s pape r  investigate s th e abilit y  o f  on e 
suc h procedure ,  th e naiv e Bayesia n classifie r  an d extension s 
t o fi t  experimenta l  dat a b y Kruschk e (1996) . 

Bayesian Models 

The naiv e Bayesia n classifie r  i s a  popula r  machin e learnin g 
technique ,  whic h ofte n outperform s competin g learnin g 
strategie s Langley ,  Iba ,  &  Thompso n (1992) .  Bayesia n 
classifier s hav e als o bee n use d t o accoun t  fo r  man y 
categorizatio n phenomen a (Anderson ,  1991) .  Thus ,  i t  seem s 
natura l  t o examin e th e abilit y o f  thes e classifier s t o fit 
experimenta l  dat a o n bas e rat e neglec t  an d invers e bas e rat e 
effects . 

Naive Bayesian Model 

The Bayesia n mode l  i s  a  probabilisti c  classifier ,  whic h 
assign s a  probabilit y  t o a n object' s membershi p i n eac h o f  a 
set  o f  contras t  categories .  Assumin g th e categorie s partitio n 
th e instanc e space ,  Bayes '  theore m (Eq .  1 )  i s  use d t o assig n 
th e probabilit y  tha t  a n instance ,  represente d a s a  featur e 
vector ,  F j  ri ,  i s a  m e m b e r  o f  clas s Q : 

p(Cl f  )  P(c.)P(f.-.̂ . ) (1 ) 

wher e P(Ci )  i s  th e bas e rat e o f  clas s C, .  I n th e naiv e 
Bayesia n classifier ,  th e feature s o f  a n instanc e ar e assume d 
t o b e independen t  fo r  eac h category ,  whic h give s th e 
simplificatio n expresse d i n Equatio n 2 . 

P(f...K:.) = nP(P/^.) (2) 

Thus ,  th e naiv e Bayesia n classifie r  assign s probabilitie s 
usin g Equatio n 3 . 

p(c,)np(f,̂ . ) 

The base rate phenomena discussed above pose a problem 
fo r  a  naiv e Bayesia n mode l  o f  h u m a n categorization .  Th e 
model  use s bas e rate s i n it s  calculatio n an d i n ligh t  o f  th e 
invers e bas e rat e effec t  a n obviou s modificatio n woul d b e t o 
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remov e th e bas e rat e ter m fro m th e model .  A  difficult y wit h 
thi s approac h i s tha t  bas e rate s appea r  t o b e use d fo r  som e o f 
th e cue s i n th e tes t  set .  Removin g bas e rate s woul d caus e a 
misfi t  fo r  suc h cues .  Also ,  som e cue s see m t o us e bas e ral e 
i n a  mor e biase d fashio n tha n a  naiv e Bayesia n classifier . 
Modifyin g th e naiv e Bayesia n classifie r  t o us e eve n mor e 
bas e rat e informatio n ha s th e difficult y o f  no t  accountin g fo r 
th e invers e bas e rat e effect .  Thes e difficultie s sugges t  th e 
need fo r  a  mode l  tha t  finds  a  middl e groun d betwee n ignorin g 
and ove r  usin g bas e rales . 

Cue-Validity-Weighted Bayesian Model 

A mode l  tha t  find s middl e groun d i s th e cue-validity -
weighte d Bayesia n model .  I t  use s th e structur e betwee n 
categorie s t o influenc e categorization .  Th e cu e validit y 
measure ,  P(Cfc\Fi )  i s use d t o expres s th e structur e i n th e dat a 
set .  I t  doe s thi s b y relatin g categorie s tha t  shar e features . 
W h en a  share d featur e occur s i n a  tes t  instance ,  cu e validit y 
expresse s th e feature' s relativ e weightin g betwee n th e 
categorie s i n whic h i t  occurs .  W h e n nove l  instance s occur , 
thi s relativ e weightin g ma y b e use d t o ai d i n classification . 

P{C,)UP{C,\F,)P(F,\C. ) 
L ^  (4 ) 

lP(Q)nP(C.|f,)p(F,̂ , )  ^  ^ 

The cue-validity-weighte d Bayesia n classifie r  (Eq .  4 ) 
weight s feature s accordin g t o cu e validity .  Thi s result s i n 
share d feature s biasin g th e classificatio n i n th e directio n o f 
th e categor y i n whic h i t  occurre d mos t  frequently .  I f  th e 
featur e valu e F i  occur s i n th e tes t  instanc e an d i n th e 
categor y k ,  the n th e probabilit y  o f  tha t  featur e give n th e 
clas s i s multiplie d b y th e cu e validity .  Otherwise ,  th e cue -
validity-weighte d Bayesia n classifie r  behave s lik e a  naiv e 
Bayesia n classifier .  Se e discussion s o n cu e validit y i n 
Rosc h &  Mervi s (1975 )  an d Hampto n (1979) . 

Ther e ar e differen t  kind s o f  feature s bein g use d b y th e 
classifier .  Feature s tha t  hav e a  hig h cu e validit y ar e 
predictiv e features .  I f  P(QIF/)=/ .0 ,  the n th e featur e i s 
perfectl y predictive .  Feature s tha t  hav e a  hig h probabilit y 
give n th e categor y ar e predictabl e features .  I f  P(Fi\C0=l.O , 
the n th e featur e i s perfectl y predictable .  Th e weightin g o f 
th e mode l  ha s th e effec t  o f  full y  usin g perfectl y predictiv e 
feature s an d makin g share d feature s mor e strongl y predic t 
th e categor y i n whic h the y occurre d mor e frequently .  Th e 
cue-validity-weighte d Bayesia n formul a i s a  wa y o f 
mathematicall y formalizin g th e impac t  o f  structur e i n th e 
dat a se t  du e t o share d features . 

Experiment 1 

Kruschke' s (1996 )  Experimen t  1  consiste d o f  tw o phases :  a 
trainin g phas e an d a  testin g phase .  Th e participant s wer e 
give n eigh t  trainin g trial s pe r  bloc k fo r  fifteen  block s fo r  a 
tota l  o f  12 0 trials .  Afte r  eac h trainin g trial ,  the y wer e give n 
accurac y feedback .  Th e trainin g dat a set ,  presente d i n Tabl e 
1,  consiste d o f  fou r  diseas e categorie s {Cqc ^  Car ^  C^q , 
mdCbr )  an d si x symptom s o r  feature s {i-̂ - ,  fa c fa n fb o fb n 
Pa,  an d p/,) .  T w o o f  th e diseas e categorie s (i.e. ,  Ca c an d 
Che hav e a  highe r  frequenc y o f  occurrenc e tha n th e othe r  tw o 
categorie s (i.e. .  C a r  an d C ^ ^ ) -  thu s th e "c "  versu s "r " 
subscrip t  fo r  c o m m o n an d rare ,  respectively . 

Each categor y ca n b e predicte d usin g on e o f  fou r  "perfect " 

features :  fac,far-fb o and//br ,  respectively .  Fo r  instance , 
skin-ras h i s th e perfec t  c o m m o n predictor,/qc ,  fo r  category . 
Car  sinc e P C Cacl/ac)=/0 .  T w o o f  th e features ,  p ^  an d pfc , 
ar c calle d "imperfect "  predicto r  features .  The y ar e imperfec t 
becaus e the y occu r  i n tw o diseas e categories ,  bu t  the y stil l 

infor m categorizatio n (e.g. ,  P(Cac^Pa )  >  P(Cac)) -  Th e 
imperfec t  feature s ca n b e use d t o disUnguis h th e tw o 
categor y group s a  an d b .  Fo r  example ,  ear-ach e occur s i n 
grou p a' s rar e an d c o m m o n diseas e categories ,  bu t  Ear-ach e 

does no t  occu r  a t  al l  i n Cb c o r  ̂ br -

Table 1. Training stimuli used in Exp. I (Kruschke, 1996) 

Dis . Symptoms/Feature s 

Car  Skin-ras h (far )  Ear-ach e (pg ) 

Freq . 

45 
Car  Backpai n (far) ,  Ear-ach e (pg )  1 5 

Che Sore-muscle s (fhc) .  Dizzines s (ph )  4 5 

Chr  Stuff-nos e (fer) .  Dizzines s (pfe )  1 5 

During the testing phase participants were required to 
diagnos e nin e nove l  combination s o f  si x symptoms .  Th e 
nin e symptom-combination s wer e repeate d fou r  time s fo r  a 
tota l  o f  3 6 tes t  items .  Tabl e 2  present s th e disease s chose n 
by th e subject s fo r  thes e nove l  combination s (i.e. ,  cues) . 

Table 2. Observed choice proportion for Exp. 1 

Exampl e 
Symptom(s ) 

Ear-ach e 

Skin-ras h 

Backpai n 

Skin-ras h + 
Backpai n 

Ear-ach e +  Skin -
ras h +  Backpai n 

Ear-ach e + 
Sore-muscle s 

Ear-ache + 
Stuffy-nos e 

Skin-ras h + 
Stuffy-nos e 

Ear-ach e +  Skin -
ras h +  Stuffy-nos e 

Cue 

Pa 
fa r 
fa r 

fac+fa r 

Pa +fa c • * 

Pa +fb c 

Pa +fb r 

fa c +fb r 

•fa r 

Pa +fa c +fb r 

^ac 

.7 5 

.9 3 

.0 4 

.3 5 

.5 8 

.4 1 

.2 2 

.3 5 

.7 2 

Qzr 

.1 7 

.0 3 

.9 1 

.6 1 

.4 0 

.0 8 

.0 9 

.0 3 

.0 4 

Cbc 

.0 5 

.0 3 

.0 2 

.0 2 

.0 1 

.4 7 

.0 3 

.0 6 

.0 4 

Cbr 

.0 3 

.0 0 

.0 3 

.0 1 

.0 0 

.0 5 

.6 7 

.5 6 

.2 1 

Thes e result s indicat e tha t  ther e ar e invers e bas e rat e 
effects .  Kruschke' s (1996 )  invers e bas e rat e effect s replicat e 
th e phenomen a reporte d b y Medi n &  Edelso n (1988) .  Th e 
invers e bas e rat e effec t  i s observe d whe n th e cu e fa c +fa r  i s 
presente d an d participant s collectivel y favo r  th e rar e disease , 
Car ,  (61% )  ove r  th e c o m m o n disease ,  Cac ,  (35%) .  Thi s i s 
th e invers e o f  th e 2 5 % t o 7 5 % bas e rate s o f  thes e rar e an d 
c o m m on categories . 

The invers e bas e rat e effec t  diminishe s wit h th e additio n o f 
th e imperfec t  featur e i n th e cu e p a +  fa c " ^  far -  Thi s cu e i s 
place d i n c o m m o n category ,  Cac ,  5 8 % o f  th e tim e an d i n 
rar e category .  Car ,  4 0 % o f  th e time .  Th e presenc e o f  th e 
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imperfec t  featur e m a k e s th e cue' s choic e proportio n close r  t o 

th e bas e rate s o f  thes e categories ,  7 5 % an d 2 5 % , 
respectively . 

T h e imperfec t  s y m p t o m ( p a )  b y itsel f  give s choic e 
proportion s tha t  ar e consisten t  wit h bas e rates ,  wit h i t  bein g 

place d i n c o m m o n category ,  C ^ c ,  7 5 % o f  th e tim e an d i n 
rar e category .  C a n ' 7 % o f  th e time . 

I n cue s pittin g th e imperfec t  predictor s agains t  th e perfec t 
predictors ,  th e rar e perfec t  feature s influence d th e choic e 
m o r e tha n c o m m o n perfec t  predictors.  Fo r  example ,  th e rar e 

disease ,  C ^ r ,  i s  predicte d m o r e ofte n b y th e cue ,  p a +  fbr , 
instea d o f  disease s C q c o r  Car -  A n invers e bas e rat e effec t 
als o occur s w h e n th e cu e consist s o f  a  grou p "a "  imperfec t 
predictor ,  paire d wit h a  grou p "b "  perfec t  predicto r  fo r  a  rar e 

category ,  p a +  fbr -  I "  thi s case ,  i t  i s  place d i n c o m m o n 
category ,  C a c ,  2 2 % o f  th e tim e an d i n rar e category ,  C b n 
6 7 % o f  th e time .  H e n c e ,  i t  s e e m s tha t  s o m e cue s ar e 
predictin g disease s i n invers e proportion s o f  wha t  bas e rate s 
b y themselve s w o u l d predict ,  an d othe r  cue s ar e predictin g 
diseas e i n proportio n t o th e bas e rates . 

Modeling Phenomena in Experiment 1 

Bayesia n model s ar e "trained "  fro m th e 12 0 instance s use d t o 
trai n subject s i n Experimen t  1 .  Th e instance s ar e 
represente d a s a  si x dimensiona l  vecto r  o f  value s alon g 
binar y dimension s (i.e. ,  "present "  o r  "absent" )  correspondin g 
t o eac h feature .  Th e probabilitie s fo r  th e feature s ar e 
approximate d fro m frequencie s o f  th e feature s i n th e trainin g 
data .  Th e frequency  o f  a  featur e give n a  categor y i s on e plu s 
th e numbe r  o f  time s a  featur e occur s i n a  categor y ove r  on e 
plu s th e numbe r  o f  instance s i n a  category .  Th e additio n o f 
one t o th e numerato r  an d th e denominato r  i s use d t o avoi d a 
probabilit y  o f  zer o i f  th e featur e ha s neve r  occurre d i n th e 
category . 

Naive Bayesian Model 

Overall ,  th e naiv e Bayesia n mode l  offer s a  reasonabl e fit  t o 
th e result s fro m Experimen t  1  (r ^  =  0.76 ,  an d roo t  mea n 
square d deviatio n (RMSD )  =  0.16) .  Comparin g Table s 2 
and 3 ,  i t  become s eviden t  tha t  th e naiv e Bayesia n classifie r 
fits  a  subse t  o f  th e effects ,  an d i t  i s  th e performanc e 
involvin g th e effect s wit h imperfec t  feature s tha t  th e mode l 
fail s  t o capture . 

Table 3. Modeled choice proportion for Experiment 1 

Model 

Cue 

Pn 
fn r 
fn r 

far+fa r 

Pn+far+fn r 

Pa+fh r 

Pn+fh r 

fnr+fh r 

Pa+far+fh r 

Bayesia n 

Cfj r 

.5 1 

.9 9 

.0 0 

.2 7 

.5 1 

.2 1 

.1 5 

.2 7 

.9 9 

Car 

.4 9 

.0 0 
1. 0 

.7 3 

.4 9 

.5 8 

.4 2 

.0 0 

.0 0 

Che 
.0 0 
.0 0 
.0 0 

.0 0 

.0 0 

.2 1 

.0 0 

.0 0 

.0 0 

Chr 
.0 0 
.0 0 
.0 0 

.0 0 

.0 0 

.0 0 

.4 2 

.7 3 

.0 0 

Cue-Validity-Weigh t 
Bayesia n 

Car 
.7 5 
.9 9 
.0 0 

.2 7 

.7 6 

.3 1 

.1 8 

.2 7 

.9 9 

n̂r 
.2 4 
.0 0 
1. 0 

.7 3 

.2 4 

.2 8 

.1 6 

.0 0 

.0 0 

Chr  Ch r 

.0 0 .0 0 

.0 0 .0 0 

.0 0 .0 0 

.0 0 .0 0 

.0 0 .0 0 

.4 1 .0 0 

.0 0 .6 6 

.0 0 .7 3 

.0 0 .0 0 

The naiv e Bayesia n classifie r  perform s i n simila r  way s t o 

th e participant s o n th e mai n effec t  o f  invers e bas e rates .  Th e 

ambiguou s cu e fa c +  fa r  ' s  predicte d t o b e associate d wit h 
th e rar e disease .  Thi s occur s becaus e ther e ar e tw o 
"mismatching "  feature s fo r  th e c o m m o n category :  p a 
whic h i s  missin g an d fa r  whic h neve r  occurre d i n th e 
c o m m on category .  T h e rar e categor y als o ha s tw o 
mismatchin g features ,  bu t  th e categor y i s  smalle r  s o th e 
mismatche s d o no t  coun t  a s m u c h a s i n th e c o m m o n 
categor y (Anderson ,  1990) .  T h e followin g ar e numerator s 

fo r  th e naiv e Bayesia n classifie r  fo r  th e categorie s C a c an d 

C ar  (Cb c ^" d C b r  hav e smal l  numerator s du e t o fou r 
"mismatches "  each) : 

C o m m on Categor y 

P(Cac)P(̂ alCac)P(faclCac)P(far'Cac)P(̂ b'Cac)P<-̂ bclCac)P(-fbr«=ac ) 
45 

V120 A46A46A46A46A46A46 , 

versu s Rar e Categor y 

120*4 6 

P(Car)P(̂ alCar)P(faclCar)P(faiJCar)P(-Pb'Car)P(-fbclCar)P(-fbr'Car ) 
15 Y  1  Y  1  Y16Y16Y16Y16 ^  1 

\ .no ) 
' _ L Y - 5 - Y — Y — Y — Y —' 
a6Al6Al6Al6Al6Al6 . 120*1 6 

The 45/12 0 i s th e bas e rat e fo r  th e common categor y an d 
th e 15/12 0 i s th e bas e rat e fo r  th e rar e category .  1/4 6 
represent s a  mismatc h whil e 46/4 6 o r  16/1 6 represent s a 
matc h o f  a  featur e tha t  occur s i n ever y instanc e o f  a 
category .  Th e differenc e i n th e numerators ,  du e t o th e 
mismatches ,  cause s th e naiv e Bayesia n classifie r  t o choos e 

th e common ,  C a c an d th e rare ,  Car ,  2 7 % an d 73% , 
respectively . 

When th e cu e contain s th e imperfec t  featur e p ^  +fa c +fa r 
th e naiv e Bayesia n classifie r  predict s th e common diseas e 
and rar e diseas e equally .  Th e reaso n fo r  thi s i s tha t  eac h 
categor y mismatche s o n onl y on e feature ,  (i.e. ,  fa r  fo r  Ca c 
and fa c fo r  Car) -  Wit h onl y on e mismatc h th e numerator s 
ar e equal .  Th e computation s fo r  thes e tw o cue s ar e simila r 
t o thos e tha t  Anderso n (1990 )  mad e i n accountin g fo r 
invers e bas e rate s i n Medi n &  Edelson' s dat a set . 

For  th e imperfec t  featur e alone ,  th e naiv e Bayesia n mode l 
predict s th e common diseas e an d rar e diseas e equally ; 
although ,  human s predic t  i n proportio n t o th e bas e rate s o f 
th e tw o diseases .  Thi s occur s i n th e mode l  becaus e bot h 
categorie s mismatc h o n onl y on e cu e (i.e. ,  fa c fo r  Ca c an d 
fa r  fo r  Car) -  Th e matc h fo r  th e imperfec t  featur e an d th e 
mismatc h fo r  th e perfec t  featur e fo r  bot h categorie s give s th e 
followin g numerator s i n th e naiv e Bayesia n classifier : 

Common Categor y 

P(Cac)P(PalCac)P(-faclCac)P(-farlCac)P(-PblCac)P(--fbc'Cac)P(̂ 'i)r<Cae ) 
1 f i i Y — Y — Y — Y — Y — Y —1 -

ll2oA46A46A46A46A46A46j ° 120 
versu s Rar e Categor y 

,faclCar)P(-farlCar)P(-PblCar)P(-'bclCar)P(-fbc«̂ar ) 
1 

P(Car)P(PalCar)P ( 

'ilYi^Y—Y—Y—Y—Y—1 
a20Al6Al6Al6Al6Al6Al6 J 120 

Thi s cause s th e rar e an d common disease s t o b e predicte d 
equall y whic h i s no t  wha t  th e participant s predicted .  The y 
chos e th e c o m m o n 7 5 % o f  th e tim e an d th e rar e 1 7 % o f  th e 
tim e fo r  th e imperfec t  predicto r  alone . 

Th e naiv e Bayesia n classifie r  predict s cu e p a + fb c t o b e 
put  int o C a r  5 8 % ,  C a c 2 1 % ,  an d C b c 2 1 % .  Thi s occur s 
becaus e th e cu e matche s o n on e featur e an d mismatche s o n 
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tw o feature s fo r  eac h o f  thes e categories .  Th e mismatche s 
effec t  th e c o m m o n categorie s mor e tha n th e rar e categories . 
The rar e categor y get s predicte d mor e becaus e o f  th e 
mismatches .  Thi s effec t  i s  no t  observe d i n th e parlicipanl' s 
choic e proportions .  Th e participant s choos e Ca, -  8% ,  €"<, < 
4 1 %,  an d Cb c 4 7 % . 

For  th e cu e p a +fb r  th e naiv e Bayesia n classifie r  equall y 
predict s th e rar e category ,  C a n 4 2 % ,  th e rar e category ,  Ct,r , 
4 2 %,  an d th e c o m m o n category ,  Cac < ' 5 % .  Thi s occur s 
becaus e th e cu e matche s o n on e featur e an d mismatche s o n 

tw o featur e o n Cqc ,  Ca r  an d Cbr -  Th e mismatc h effect s 
th e c o m m o n categor y th e mos t  an d split s th e choic e 
proportio n betwee n th e tw o rar e categories . 

An obviou s modificatio n t o mode l  invers e bas e rate s wit h 
a varian t  o f  th e naiv e Bayesia n mode l  i s  t o remov e th e 
contributio n du e t o bas e rate .  Thi s mode l  wa s examine d an d 
ove r  compensate s fo r  th e invers e bas e rat e effects .  I t  cause s 
to o man y o f  th e cue s t o exhibi t  invers e bas e rat e behavior . 

Cue-Validity-Weighted Bayesian Model 

The cue-validity-weighte d Bayesia n mode l  account s fo r  9 3 % 
of  th e varianc e i n th e dat a se t  ( R M S D =  0.09) .  I t  behave s a s 
a naiv e Bayesia n classifie r  whe n ther e ar e n o imperfec t 
feature s i n th e cue .  Thi s ca n b e observe d i n Tabl e 3  fo r  an y 
cue s tha t  d o no t  hav e imperfec t  features .  Consisten t  wit h 
th e invers e bas e rat e effec t  an d th e naiv e Bayesia n classifier , 
th e cue-validity-weighte d Bayesia n classifie r  predict s th e rar e 
diseas e wit h highe r  probabilit y  fo r  th e ambiguou s cut ,  fa c + 

fa r 
I f  a n imperfec t  featur e i s i n th e cue ,  the n fo r  categorie s 

wit h tha t  featur e th e cu e validit y i s  multiplie d int o th e 
equation .  Thi s move s th e choic e proportio n fro m th e 
smalle r  categorie s t o th e large r  categories .  Thi s predict s th e 
c o m m on disease ,  Cac < wit h 7 6 % o f  th e choic e proportio n 
and th e rar e disease ,  C a n wit h 2 4 % fo r  th e cu e p a +  fa c + 
fa r  Th e choic e proportio n shift s fro m equall y predictin g 
bot h i n th e naiv e Bayesia n classifie r  t o predictin g th e 
c o m m on diseas e becaus e th e imperfec t  predicto r  wa s 
associate d 3  ou t  o f  4  time s wit h th e c o m m o n disease .  Thi s 
resul t  i s mor e consisten t  wit h participan t  choic e proportion s 
tha n th e naiv e Bayesia n classifier . 

Give n th e imperfec t  cue ,  pa ,  b y itsel f  th e cue-validity -
weighte d Bayesia n mode l  predict s th e c o m m o n disease ,  Q ^ , 
7 5 % compare d t o th e rar e disease .  C a n 2 5 % .  Thi s occur s i n 
much th e sam e wa y a s th e abov e cu e wit h th e imperfec t 
predictor .  Th e 45/6 0 i s th e c o m m o n category' s cu e validit y 
fo r  th e imperfec t  predicto r  an d 15/6 0 i s th e rar e category' s 
cue validity . 

C o m m on Categor y 

P(Cac)P(CaclPa)P(PalCac)P(-faclCac)P(-farlCae)P(-PblCac)P(-fbclCac)P(-'fbrlCac ) 

U20A60A46A46A46A46A46A46J°°120*4 

versu s R a r e C a t e g o r y 

P(Car)P(Ca,iPa)P(PalCar)P(̂ aclCar)P(-farJCar)P(-PblCar)P(-fbclCar)P(-fbrlCar ) 
f i l Y l l  Y1 6 Y1 6 YJ _ Y1 6 Y2 6 Y16 ^  _  1 
l l20A60Al6Al6Al6Al6Al6Al6J°120* 4 

The cue-validity-weighte d Bayesia n mode l  predict s fo r  th e 

cu e P a +fb c th e categorie s Ca r  2 8 % ,  Ca c 3 1 % ,  an d Cb c 
4 1 %.  Thi s occur s becaus e th e cu e validit y valu e associate d 

wit h th e imperfec t  featur e shift s s o m e o f  th e choic e 

proportio n fro m Ca r  t o Cac -
For  th e cu e p a +fb r  th e cue-validity-weighte d Bayesia n 

model  predict s th e rar e category .  C a n an d th e rar e category , 

Cbr -  Th e shif t  fro m th e categor y C a r  relate d t o th e 
imperfec t  featur e causin g th e choic e proportio n t o m o v e t o 

th e Cbr . 
I n summary ,  bot h Bayesia n model s exhibi t  invers e bas e 

rat e effects .  Th e cue-validity-weighte d Bayesia n classifie r  i s 
equivalen t  t o th e naiv e Bayesia n classifie r  fo r  cue s withou t 
imperfec t  feature s (sinc e P(C\f)=1. 0 fo r  perfec t  features / 
relativ e t o clas s C ) .  W h e n cue s hav e imperfec t  features ,  th e 
cue-validity-weighte d Bayesia n classifie r  provide s a  bette r 
accoun t  o f  th e data . 

Experiment 3 (Kruschke, 1996) 

Kruschke' s Experimen t  3  i s simila r  t o Experimen t  1  excep t 
tha t  on e o f  th e c o m m o n diseases ,  Cnc ,  share s a  rar e disease' s 
sympto m (p/„ ;  Backpain) -  Th e sympto m occur s fifteen 
time s i n bot h th e rare ,  C^r ,  an d c o m m o n ,  C ^ c diseases . 
Thi s chang e i n th e trainin g stimul i  increase s th e complexit y 
i n th e dat a se t  allowin g fo r  a  large r  numbe r  o f  nove l  cu e 
item s an d th e co-occurrenc e o f  th e invers e an d neglec t  effect s 
resultin g fro m th e sam e trainin g condition .  Th e n  subscrip t 
refer s t o th e neglec t  condition .  Th e disease s wit h th e i 
subscrip t  refe r  t o th e invers e condition . 

Table 4. Training stimuli used in Exp. 3 (Kruschke, 1996) 

Dis . 

Cnc 

Cnr 
Ci r 

Ci r 

S y  m pto m s/Feature s 

Skin-ras h (fnc) .  Ear-ach e (pn ) 
Skin-ras h (fnc) < Backpai n {pfnr) . 
Ear-ach e (/?« ) 

Backpai n (p/̂ r) .  Ear-ach e {pn ) 
Sore-muscle s (//<-) ,  Dizzines s (pj ) 

Stuff-nos e (/",>) ,  Dizzines s (p, ) 

Freq . 

3 0 
15 

15 
45 
15 

Procedure s wer e simila r  t o Experimen t  1 ,  th e participant s 
wer e agai n give n eigh t  trainin g trial s pe r  bloc k fo r  fiftee n 
block s fo r  a  tota l  o f  12 0 trials .  I n Experimen t  3 ,  th e testin g 
phas e occurre d afte r  ever y five  block s instea d o f  onl y a t  th e 
end o f  th e fiftee n blocks .  Th e nove l  tes t  item s ar e give n i n 
th e tabl e belo w a s th e sympto m sets . 

As i n Experimen t  1 ,  th e invers e bas e rat e effec t  wa s 
found .  I n particular ,  th e cue// c +fi r  wa s categorize d 3 2 % o f 
th e tim e i n th e c o m m o n disease ,  Cjc ,  an d 6 4 % o f  th e tim e 
i n th e rar e disease ,  C,> . 

I n th e neglec t  condition ,  Gluc k &  Bower' s (1988 )  bas e 
rat e neglec t  phenomen a i s  replicated .  Th e cue ,  pfnr ,  i s 
classifie d a s th e c o m m o n disease ,  C/ j ^  ' 3 % o f  th e tim e an d 
as th e rar e disease ,  Cnr ,  7 7 % o f  th e time .  Thi s occur s eve n 
thoug h th e cu e equall y predict s bot h th e c o m m o n an d rar e 

diseas e (i.e. ,  P(CnrWnr )  =  P(CncWnr )  =  0.5) -
Althoug h bas e rat e neglec t  occur s i n th e neglec t  condition , 

th e invers e bas e rat e effec t  di d no t  occur .  Th e cue ,  fn c + 
pfnr ,  i s  categorize d a s th e c o m m o n disease ,  Cnc ,  5 4 % o f  th e 
tim e an d a s th e rare ,  Cnr ,  4 0 % o f  th e time . 

For  th e imperfec t  feature s alone ,  p i  an d p « ,  bot h 
condition s ar e simila r  t o bas e rates .  Fo r  th e cu e p, -  th e 
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category ,  Q c .  receive d 7 8 % an d C/ r  receive d 1 3 % .  Fo r  th e 

cu e p n th e categor y C^ c receive d 6 4 % an d C/, r  receive d 2 7 % 
of  th e choice .  Fo r  th e cu e p, i  +  p i  th e choic e proportio n 
w as 3 6 % fo r  th e neglec t  c o m m o n an d 1 7 % fo r  th e neglec t 
rar e an d 3 7 % fo r  th e invers e c o m m o n an d 1 0 % fo r  th e 
invers e rare . 

For  th e imperfec t  featur e paire d wit h th e c o m m o n perfec t 
featur e o f  th e othe r  condition ,  fo r  th e cu e p n +  fic < th e 
category ,  Cnc ,  receive d 3 3 % o f  th e choic e an d Ci c receive s 
5 0 % o f  th e choice .  Fo r  th e cu e /? /  +  f n c th e category ,  Q c . 
receive s 3 5 % o f  th e choic e an d C ^ c receive s 5 4 % o f  th e 
choice . 

Fo r  th e imperfec t  featur e paired  wit h th e rar e perfec t 
featur e o f  th e othe r  condition ,  give n th e cue ,  P n +  fi n th e 
category ,  C/r ,  receive d 6 5 % o f  th e choic e an d th e Cf,( -
receive d 2 3 % o f  th e choice .  Fo r  th e cue ,  p i  +  pfnr '  th e 
category ,  C^r > receive d 5 1 % o f  th e choic e an d Q c receive d 
2 7 % o f  th e choice .  Thes e cue s exhibi t  th e invers e bas e rat e 
effec t  wit h th e rar e categorie s bein g preferre d ove r  th e 
c o m m on categories . 

Table 5. Observed choice proportion for Exp. 3. 

Cue 

Pn 
Pi 
Pn +  P i 

fn r 
fi r 
fnr- ^  fi r 

pfn r 

fi r 
pfn r  +  fi r 

fn r  +  pfn r 

fi r  +  fi r 

Pn+ fn r  + 

Pi  +  r, r  +  ' 

Pn + f r 

Pi  +  fn r 

Pn+fi r 

Pi  +  pfn r 

fn r  +  fi r 

pfn r  +  fi r 

JjL+fll C + 

pfn r 
I r 

fi r 

Pi  +  rkr^fi r 

Cnr 
.6 4 
.0 4 
.3 6 
.8 3 
.0 4 
.4 9 
.1 3 
.0 1 
.0 2 

.5 4 

.0 1 

.8 8 

.0 9 

.3 3 

.5 4 

.2 3 

.0 8 

.2 9 

.0 8 

.7 0 

.1 4 

Cnr 
.2 7 
.0 6 
.1 7 
.1 1 
.0 3 
.0 5 
.7 7 
.0 3 
.2 9 

.4 0 

.0 2 

.1 1 

.0 2 

.1 6 

.0 5 

.0 9 

.5 1 

.0 3 

.4 6 

.0 4 

.1 7 

Ci c 
.0 3 
.7 8 
.3 7 
.0 2 
.8 9 
.4 1 
.0 4 
.0 3 
.0 4 

.0 2 

.3 2 

.0 1 

.4 8 

.5 0 

.3 5 

.0 3 

.2 7 

.0 1 

.4 2 

.0 0 

.6 4 

Qr 
.0 7 
.1 3 
.1 0 
.0 4 
.0 4 
.0 5 
.0 5 
.9 4 
.6 5 

.0 4 

.6 4 

.0 1 

.4 1 

.0 2 

.0 7 

.6 5 

.1 4 

.6 7 

.0 4 

.2 7 

.0 5 

Modelin g Phenomen a i n Experimen t  3 

Bot h Bayesia n model s us e th e probabilitie s o f  th e feature s i n 
th e 12 0 trainin g instance s t o mode l  th e data .  I n Experimen t 
3,  th e model s ar e teste d o n twenty-on e nove l  instances .  Th e 
instance s ar e represente d i n th e sam e fashio n a s i n 
Experimen t  1 . 

Naive Bayesian Model 

Th e naiv e Bayesia n mode l  fo r  Experimen t  3  agai n perform s 
i n simila r  way s t o th e participant s i n genera l  an d o n th e 
mai n effec t  o f  invers e bas e rate s (r ^  =  0.70 ,  R M S D =  0.18 ; 

compar e Table s 5  &  6) .  Fo r  th e sam e reasonin g a s i n 

Experimen t  1 ,  th e ambiguou s cue,// c +f i n ' S predicte d t o 
be associate d wit h th e rar e disease ,  Q > 7 3 % an d 2 7 % fo r  th e 

c o m m on disease . 
The naiv e Bayesia n classifie r  model s th e apparen t  bas e rat e 

neglec t  effec t  fo r  th e cu e pf„r -  Th e mode l  predict s th e rar e 
categor y i n th e neglec t  conditio n wit h 9 9 % o f  th e choic e 
proportion .  Thi s occur s becaus e ther e ar e tw o mismatche s 
and a  partia l  matc h fo r  th e c o m m o n categor y whil e ther e i s 
onl y on e mismatc h fo r  th e rar e categor y (se e belo w 

numerators) . 
C o m m on Categor y 

P(C„c)P(-.pnlC„c)P(-f„clC„c)P(pfnrlCnc)P(-PilC„c)P(-ficlCnc)PMirlC„c ) 

versu s Rar e Categor y 

120 A  4 6 A  4 6 A  4 6 A  4 6 A  46 , 
1 

360*4 6 

P(Cnr)P(̂ PnlCnr)P(-.fnclC„r)P(pfnrlCnr)P(-PilC„r)P(-ficlC„r)PMir<:nr ) 

f  i l  Y  J _ Yl iYi i  Y l ^  Y l ^  Y l ^ l » J -
I120A16A1 6 Ai6Ai6Ai6Ai6 j "  12 0 

For  th e imperfec t  feature s alone ,  p /  an d pn ,  th e naiv e 
Bayesia n mode l  predict s th e rar e an d c o m m o n categorie s 
equall y fo r  th e invers e condition .  Fo r  th e neglec t  conditio n 
th e mode l  predict s th e rar e categor y 5 9 % an d th e c o m m o n 
4 1 %.  Thi s i s  i n th e wron g directio n i n relatio n t o th e 
participants '  choic e proportions .  Fo r  th e cu e p n +  p i  th e 
naiv e Bayesia n mode l  predict s th e rar e neglec t  categor y 3 8 % 
and th e rar e invers e categor y 3 8 % .  Thi s als o i s i n th e wron g 
direction . 

For  th e imperfec t  feature s paire d wit h th e perfec t  feature s 
of  th e othe r  condition ,  p ^  +  fi ^  an d p i  +  f n c th e naiv e 
Bayesia n classifie r  predict s th e rar e clas s o f  th e imperfec t 
featur e condition .  Thi s occur s du e t o th e sam e reason s 
expresse d fo r  Experimen t  1 . 

The cu e p n +  fi r  predict s th e rar e neglec t  categor y 4 5 % an d 
th e rar e invers e categor y 4 5 % .  Thi s i s over-predictin g th e 
rar e neglec t  categor y an d under-predictin g th e rar e invers e 
category .  Thi s i s  du e t o mismatche d feature s o n th e 
c o m m on neglec t  categor y whic h get s 1 1 % o f  th e choic e 
proportion .  Th e cu e p i  +  pfn r  predict s bot h rar e categorie s 
equall y eac h wit h 4 2 % o f  th e choic e proportion .  Thi s i s a n 
over-predictio n o f  th e rar e invers e category . 

Cue-Validity-Weighted Bayesian Model 

The cue-validity-weighte d Bayesia n mode l  perform s i n a 
simila r  wa y t o th e participant s o n invers e bas e rate s an d bas e 
rat e neglec t  (cf ,  Table s 5  &  6) .  Th e genera l  fit  o f  th e mode l 
i s r ^  =  0.8 9 an d R M S D =  0.12 .  I t  predict s th e sam e choic e 
proportion s a s th e naiv e Bayesia n classifie r  whe n ther e ar e 
no imperfec t  feature s i n th e cue .  I t  predict s th e rar e diseas e 
fo r  th e cue ,  fi e +  //r .  whic h i s  consisten t  wit h th e invers e 
bas e rate ,  an d i t  predict s th e apparen t  bas e rat e neglec t  fo r  th e 

cue ,  pfnr -
For  th e imperfec t  feature s alone ,  p /  an d p n ,  th e cue -

validity-weighte d Bayesia n mode l  predict s th e rar e categor y 
2 4 % an d c o m m o n categor y 7 5 % .  Thi s i s  simila r  t o huma n 
performanc e whic h i s  1 3 % an d 7 8 % fo r  th e rar e an d c o m m o n 
categories ,  respectively .  Fo r  th e neglec t  conditio n th e mode l 
predict s th e rar e categor y 3 2 % an d th e c o m m o n 6 7 % .  Thi s 
i s consisten t  wit h h u m a n performanc e i n th e invers e 
conditio n whic h i s 2 7 % fo r  th e rar e an d 6 4 % fo r  th e 

384 



common category .  Fo r  th e cu e P n +  P i  th e cue-validity -
weighte d Bayesia n mode l  predict s invers e commo n 2 8 % an d 
th e invers e rar e 2 6 % .  Thi s i s mor e consisten t  wit h huma n 
performanc e tha n th e naiv e Bayesia n classifier .  Human s 
choos e th e c o m m o n 3 7 % an d th e rar e 10% .  Th e commo n 
neglec t  categor y i s chose n 1 9 % b y th e cue-validity-weigliic d 
model  an d 2 6 % fo r  th e rar e neglec t  category .  Th e huma n 
performanc e i s 3 6 % fo r  th e c o m m o n categor y an d 1 7 % fo r 
th e rare . 

Table 6. Modeled choice proportion for Experiment 3. 

Model 

Cue 

pn 
Pi 
pn-4-P i 

fnr . 

fi r 
fnc + Uc . 

pfn r 

fi r 
pfn r  +  fi r 

fnc + pfn r 

fic+fi r 

pn+fnc+Pfp f 
Pi+rir + ri r 

Pn+ fi r 

Pi + fn c 

Pn+ fi r 

Pi + pfn r 

fnc + fi r 

pfnr+fir . 

Pn+fnc+fi r 

Bayesia n 

Cnr 
.4 1 
.0 0 
.0 9 
.9 9 
.0 0 
.4 0 
.0 1 
.0 0 
.0 0 

.8 5 

.0 0 

.9 4 

.0 0 

.1 5 

.1 5 

.1 1 

.0 0 

.2 0 

.0 0 

.9 9 

.0 0 

Cnr 
.5 9 
.0 0 
.3 8 
.0 1 
.0 0 
.0 1 
.9 9 
.0 0 
.5 0 

.1 5 

.0 0 

.0 6 

.0 0 

.6 2 

.0 0 

.4 5 

.4 2 

.0 0 

.7 3 

.0 1 

.0 0 

_C/ C 

.0 0 

.5 1 

.1 4 

.0 0 

.9 9 

.5 9 

.0 0 

.0 0 

.0 0 

.0 0 

.2 7 

.0 0 

.5 1 

.2 3 

.2 3 

.0 0 

.1 5 

.0 0 

.2 7 

.0 0 

.9 9 

9r 
.0 0 
.4 9 
.3 8 
.0 1 
.0 0 
.0 1 
.0 0 
1. 0 
.5 0 

.0 0 

.7 3 

.0 0 

.4 9 

.0 0 

.6 2 

.4 5 

.4 2 

.8 0 

.0 0 

.0 1 

.0 0 

Cue-Validity -
Weighte d Bayesia n 

Cnr 
.6 7 
.0 0 
.1 9 
.9 9 
.0 0 
.4 0 
.0 1 
.0 0 
.0 0 

.8 5 

.0 0 

.9 8 

.0 0 

.2 3 

.3 2 

.1 3 

.0 0 

.2 0 

.0 0 

.9 9 

.0 0 

Cnr 
.3 2 
.0 0 
.2 6 
.0 1 
.0 0 
.0 1 
.9 8 
.0 0 
.3 3 

.1 5 

.0 0 

.0 2 

.0 0 

.3 1 

.0 1 

.1 7 

.4 9 

.0 0 

.5 8 

.0 0 

.0 0 

Ci r  C'l r 

.0 0 .0 0 

.7 5 .2 4 

.2 8 .2 6 

.0 0 .0 1 

.9 9 .0 0 

.5 9 .0 1 

.0 0 .0 1 

.0 0 1. 0 

.0 0 .6 7 

.0 0 .0 0 

.2 7 .7 3 

.0 0 .0 0 

.7 6 .2 4 

.4 5 .0 0 

.3 5 .3 2 

.0 0 .7 0 

.2 7 .2 4 

.0 0 .8 0 

.4 2 .0 0 

.0 0 .0 1 
1. 0 .0 0 

For  th e imperfec t  neglec t  featur e paire d wit h th e perfec t 
conmio n invers e feature ,  p n +fic ,  'h e cue-validity-weighte d 
Bayesia n mode l  predict s th e invers e c o m m o n 4 5 % ,  neglec t 
common 2 3 % ,  an d th e neglec t  rar e 3 1 % .  Thi s i s a  bette r  fit 
tha n th e naiv e Bayesia n classifier .  Humans '  choic e 
proportio n i s 5 0 % ,  3 3 % ,  an d 1 6 % respectively . 

The imperfec t  invers e featur e paire d wit h th e perfec t 
c o m m on neglec t  feature ,  p i  +  fnc > predict s th e c o m m o n 
neglec t  3 2 % ,  th e c o m m o n invers e 3 5 % ,  an d th e rar e invers e 
32%.  Th e huma n performanc e respectivel y i s 5 4 % ,  3 5 % , 
and 7% . 

The cue-validity-weighte d Bayesia n mode l  predict s fo r  th e 
cue ,  P n +fi n th e rar e neglec t  categor y 1 3 % an d th e rar e 
invers e categor y 7 0 % .  Thi s i s consisten t  wit h huma n 
performanc e o f  2 3 % an d 6 5 % respectively .  Th e cu e p i  + 
pfn r  predict s th e rar e neglec t  categor y 4 9 % ,  th e c o m m o n 
invers e categor y 2 7 % ,  an d th e rar e invers e categor y 2 4 % . 
Thi s i s consisten t  wit h huma n performanc e o f  5 1 % ,  2 7 % , 
and 1 4 % respectively . 

The effec t  o f  usin g cu e validit y t o weigh t  th e naiv e 
Bayesia n classifie r  belte r  fits  th e invers e bas e rat e an d bas e 
rat e neglec t  effect s o f  Experimen t  3  tha n th e naiv e Bayesia n 
classifier .  I f  th e cue s d o no t  hav e imperfec t  features ,  th e 
model  achieve s simila r  result s t o th e naiv e Bayesia n 
classifier .  W h e n cue s wit h imperfec t  feature s ar e presented , 
th e cue-validity-weighte d Bayesia n mode l  provide s a  bette r 
matc h o f  th e huma n performanc e tha n th e naiv e Bayesia n 
classifier .  Althoug h Experimen t  3  i s mor e complex ,  th e 
cue-validity-weighte d Bayesia n classifie r  i s  abl e t o mode l 

many o f  th e effects . 

Conclusion 

Thi s pape r  ha s presente d a  cue-validity-weighte d Bayesia n 
accoun t  o f  th e psychologica l  phenomen a invers e bas e rate s 
and bas e rat e neglect .  Th e cue-validity-weighte d featur e 
Bayesia n mode l  accounte d fo r  9 3 % an d 8 9 % o f  th e varianc e 
i n th e performanc e dat a o f  Kruschke' s Experimen t  1  an d 3 , 
respectively .  Th e naiv e Bayesia n mode l  accounte d fo r  7 5 % 
and 7 0 % o f  th e variance ,  respectively .  Kruschk e modele d 
th e phenomen a wit h a  connectionis t  mode l  wit h fiv e 
parameters .  Th e mode l  accounte d fo r  9 9 % o f  th e varianc e i n 
Experimen t  1  an d 9 7 % o f  th e varianc e i n Experimen t  3 .  I t 
posite d a n early-lat e learnin g proces s t o accoun t  fo r  th e 
phenomena .  Withou t  positin g processe s o r  parameterizin g 
th e model ,  th e cue-validity-weighte d featur e Bayesia n 
classifie r  modele d invers e bas e rat e effect s an d th e bas e rat e 
neglec t  phenomen a jus t  a s wel l  a s th e naiv e Bayesia n 
classifie r  an d bette r  fo r  cue s includin g imperfec t  features . 
The name s o f  th e phenomen a "bas e rat e neglect "  an d 
"invers e bas e rate "  m a y b e misnomers ,  an d mor e 
investigatio n i s require d t o evaluat e th e rol e o f  bas e rat e 
when participant s ar e face d wit h nove l  composit e cues . 

References 

Anderson ,  J .  R .  (1990) .  Th e adaptiv e characte r  o f  thought . 
Hillsdale ,  NJ :  Erlbaum . 

Anderson ,  J .  R .  (1991) .  Th e adaptiv e natur e o f  huma n 
categorization .  Psychologica l  Review ,  9 8 (3) ,  409-429 . 

Gluck ,  M .  A .  &  Bower ,  G .  H .  (1988) .  Fro m conditionin g 
t o categor y learning :  a n adaptiv e networ k model .  Journa l 
of  Experimenta l  Psychology :  General ,  11 7 (3) ,  227-247 . 

Hampton ,  J .  A .  (1979) .  Polymorphou s concept s i n 
semanti c m e m o r y .  Journa l  o f  Verba l  Learnin g a n d Verba l 
Behavior ,  18(4) ,  441-461 . 

Kruschke ,  J .  K .  (1996) .  B a s e rate s i n categor y learning . 
Journa l  o f  Experimenta l  Psychology :  Learning ,  M e m o r y , 
a n d Cognition ,  2 2 (I) ,  3-26 . 

Langley ,  P. ,  Iba ,  W. ,  &  Thompson ,  K .  (1992) .  A n 
analysi s o f  Bayesia n classifiers .  Fro m Proceeding s o f  th e 
Tent h Nationa l  Conferenc e o n Artificia l  Intelligence .  Sa n 
Jose :  A A A I  Press . 

Medin ,  D.L .  &  Edelson ,  S.M .  (1988) .  Proble m structur e 
and th e us e o f  base-rat e informatio n fro m experience . 
Journa l  o f  Experimenta l  Psychology :  General ,  11 7 (1) , 
68-85 . 

Rosch ,  E .  &  Mervis ,  C.B .  (1975) .  Famil y resemblances : 
studie s i n th e interna l  structur e o f  categories .  Cognitiv e 
Psychology ,  7 ,  573-605 . 

385 


	cogsci_1998_380-385



