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A b s t r a c t 

Many psychology researchers have shown that hu-
mans d o no t  proces s probabilisti c  informatio n i n a 

manner  consisten t  wit h Bayes '  theor y [9 ,  10 ,  16 , 

24,  23 ,  27] .  Robinso n an d Hasti e [24 ,  23 ]  showe d 
tha t  human s mad e non-compensator y probabilit y  up -
dates ,  produce d super-additiv e distributions ,  an d re -

suscitate d zer o probabilit y  possibilities .  Whil e mos t 

researcher s hav e classifie d thes e behavior s a s non -

normative ,  w e foun d tha t  th e Dempster-Shafe r  theor y 
coul d mode l  eac h o f  thes e behavior s i n a  normativ e 

and theoreticall y soun d fashion .  Whil e no t  claimin g 

tha t  th e theor y m o d e b h u m a n processes ,  w e clai m 

tha t  th e similaritie s shoul d ai d use r  acceptanc e o f 

Dempster-Shafe r  base d decisio n systems . 

1 Introductio n 

Due to the inherent uncertainty of evidence and con-

clusion s i n th e world ,  decisio n suppor t  system s (in -

cludin g artificia l  intelligenc e systems )  mus t  ofte n us e 

method s fo r  representin g an d reasonin g unde r  un -
certainty .  Ther e ar e a  numbe r  o f  possibl e methods . 

Each metho d ha s a  differen t  effec t  o n th e thre e m a -

jo r  exper t  syste m stages :  1 )  acquisition ,  2 )  inferenc -

ing ,  an d 3 )  use r  interpretatio n o f  th e results .  Whil e 
many product s an d paper s downpla y th e importance , 

th e choic e i s  difficul t  an d important .  Th e chose n 

paradig m ca n mitigat e o r  exacerbat e error s i n an y 

of  th e stage s thu s makin g th e system' s result s mean -

ingless . 

Ther e ar e a  numbe r  o f  result s supportin g eac h 

reasonin g method .  O n e attribut e o f  compariso n i s 

theoretica l  soundnes s [6 ,  17 ,  18 ,  19 ,  2] .  Mos t  o f 
thes e comparison s uphol d th e theoretica l  foundatio n 

of  probabilit y  theor y an d particularl y o f  Bayes '  the -

orem.  Anothe r  attribut e i s  empirica l  performanc e 
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[8 ,  1 ,  29 ,  22 ,  17 ,  20 ,  21] .  Thes e studie s suppor t  a  va ^ 

riet y o f  conclusions .  Dawe s [8] ,  fo r  example ,  show s 

tha t  usin g a  simple ,  ye t  incorrect ,  linea r  mode l  i s 
ofte n bette r  tha n a  theoreticall y soun d probabilisti c 

model  whe n the y ar e bot h base d o n th e sam e error -

pron e h u m a n estimates .  I n thi s paper ,  w e argu e fo r  a 

thir d attribute—use r  interpretatio n an d acceptance . 

W h en consultin g a  decisio n suppor t  system ,  a  hu -

man' s abilit y t o understan d th e computer' s belief s 
an d decision s i s  important .  Earl y researc h o n au -

tomate d too b showe d tha t  user s mor e readil y ac -

cep t  system s i f  the y understan d th e systems '  behav -

ior s [4 ,  5 ,  11 ,  14 ,  25] .  Thi s understandin g ca n resul t 
fro m an y o f  thre e processes :  1 )  trainin g th e huma n 
t o understan d th e theoretica l  correctnes s o f  th e rea -

sonin g processes ,  2 )  usin g a  reasonin g proces s tha t 

directl y correspond s t o th e human' s o r  3 )  usin g a 
proces s whos e observabl e behavio r  correspond s t o th e 
human's .  T h e firs t  proces s i s ap t  t o mee t  wit h resis -

tanc e an d make s genera l  distributio n an d acceptanc e 
difficult .  Th e secon d process ,  whil e o f  grea t  potential , 

i s  difficul t  t o accomplis h du e t o th e hidde n natur e o f 

h u m an decision-makin g processes .  Th e thir d proces s 
correspond s directl y t o th e wa y tha t  mos t  collabo -

rativ e h u m a n decision-makin g works :  whe n human s 
defen d thei r  reasoning ,  the y refe r  t o th e evidenc e tha t 

cause d the m t o increas e o r  decreas e thei r  belie f  an d 

not  t o thei r  reasonin g mechanisms . 

Thi s pape r  use s experimentall y observe d similari -
tie s betwee n th e Dempster-Shafe r  theor y o f  evidenc e 

[26 ]  an d human s solvin g a  probabilisti c  updatin g tas k 
t o argu e tha t  human s m a y mor e readil y understan d 

Dempster-Shafe r  base d systems .  Th e pape r  doe s no t 
directl y addres s use r  acceptanc e i n tha t  i t  doe s no t 

involv e actua l  user s o f  a  system ,  bu t  i t  indirectl y ad -

dresse s acceptanc e throug h th e abilit y o f  humams t o 
empathiz e wit h th e behavior . 
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2 T h e tas k a n d h u m a n d a t a 

Thi s pape r  report s a n experimen t  tha t  compare d th e 

behavio r  o f  a m automate d Dempster-Shafe r  evidenc e 

accumulatio n syste m wit h th e behavio r  o f  human s 

performin g th e sam e evidenc e accumulatio n task . 

T h e tas k an d h u m a n experimenta l  result s com e fro m 

a stud y b y Robinso n an d Hasti e [24 ,  23] . 

I n a n effor t  t o find  ou t  whethe r  human s followe d 

Bayesia n probabilisti c  reasonin g principles ,  Robinso n 

an d Hasti e aske d h u m a n subject s t o solv e a  murde r 

mystery .  T h e subject s sa w a  serie s o f  clues .  Afte r 

eac h clue ,  th e subject s state d thei r  belief s abou t  th e 

guil t  o f  eac h suspec t  i n term s o f  probability .  Robin -

so n an d Hasti e foun d tha t  th e human s di d no t  follo w 

probabilisti c  principles .  W e wil l  explai n th e exac t 

for m o f  th e discrepanc y whe n w e describ e th e behav -

io r  o f  th e Dempster-Shafe r  system . 

Befor e describin g th e Dempster-Shafe r  system ,  w e 

wil l  addres s tw o concern s wit h th e Robinso n an d 

Hasti e data .  S o m e m a y argu e tha t  Robinso n an d 

Hastie' s subject s di d no t  hav e adequat e trainin g i n 

th e probabilisti c  concepts .  T o tes t  thi s hypothesis , 

Robinso n an d Hasti e explicitl y  taugh t  th e fundamen -

tal s o f  probabilit y  t o som e o f  th e subjects .  Dependin g 

on th e subject ,  th e treiinin g le d t o eithe r  th e sam e be -

havio r  a s thos e withou t  trainin g o r  a  behavio r  tha t 

di d no t  reSec t  an y evidenc e accumulation .  Robinso n 

an d Hasti e conjecture d tha t  th e cognitiv e overhea d 

prevente d th e subject s fro m applyin g th e learning . 

Anothe r  objectio n m a y b e tha t  on e stud y make s 
an insufficien t  basi s fo r  concludin g tha t  human s ar e 

not  Bayesia n decisio n makers .  Robinso n an d Hastie , 
however ,  ar e no t  th e onl y researcher s t o sho w tha t 

h u m a ns mak e poo r  Bayesia n probabilisti c  informa -

tio n processors .  M a n y othe r  psycholog y researcher s 

hav e show n th e non-Bayesiau i  characte r  o f  h u m a n in -

formatio n processin g [9 ,  10 ,  16 ,  24 ,  23 ,  27] . 

3 Dempster-Shafer 

prediction s 

To test the predictions of the Dempster-Shafer [26] 

theory ,  w e develope d a  straight-forwar d implementa -

tio n o f  th e theor y [20 ]  an d the n submitte d th e clue s t o 

i t  a s a  serie s o f  consonan t  belie f  functions .  Althoug h 

m a ny artificia l  intelligenc e researcher s [3 ,  7 ,  13 ,  12 ] 

hav e restricte d thei r  Dempster-Shafe r  representation s 

t o simpl e an d dichotomou s belie f  functions ,  w e chos e 

consonan t  belie f  function s becaus e the y ar e th e for m 

tha t  Shafe r  say s mos t  naturall y represen t  inferentia d 

evidenc e [26 ,  pp .  223-229] .  T h e reaso n othe r  arti -

ficial  intelligenc e researcher s hav e ignore d thi s repre -

1.0 ^ 

Figur e 1 :  Ven n grap h o f  th e vacuou s function :  ther e 

has bee n n o evidence . 

sentatio n i s tha t  i t  ca n resul t  i n exponentia l  computa -

tiona d tim e requirements .  Fo r  th e sak e o f  thi s study , 

computationa l  tim e wa s no t  o f  direc t  concern. ' 

Whil e i t  i s no t  th e inten t  o f  thi s pape r  t o full y  in -

troduc e th e Dempster-Shadie r  theory ,  w e wil l  briefl y 

describ e belie f  functions .  A  belie f  functio n i s th e as -

signmen t  o f  probabihtie s t o set s o f  conclusions .  Thi s 

assignmen t  differ s fro m standar d probabilisti c  theo -

rie s i n tha t  i t  use s set s rathe r  tha n singl e hypotheses . 

Al l  probabiUt y theorie s ca n us e set s t o represen t  mul -

tipl e simultaneousl y tru e hypotheses ;  however ,  th e 

Dempster-Shafe r  syste m use s set s t o indicat e lac k o f 
differentiatio n i n th e evidenc e fo r  mutuall y exclusiv e 

hypotheses .  Th e interpretatio n o f  thi s assignmen t  i s 

tha t  som e elemen t  o f  th e se t  i s tru e bu t  th e evidenc e 

doe s no t  provid e fine  enoug h granularit y t o directl y 

poin t  t o on e hypothesis . 

A consequenc e o f  thi s representatio n fo r  belie f  i s 

tha t  ther e i s a  clea r  distinctio n betwee n th e inabilit y 
t o decid e du e t o lac k o f  evidenc e an d th e inabilit y 

t o decid e du e t o to o m u c h conflictin g evidence .  I n 

th e Dempster-Shafe r  theory ,  a  believe r  represent s th e 

lac k o f  evidenc e a s th e assignmen t  o f  al l  probabilit y 

t o th e undifferentiate d se t  o f  al l  possibl e hypothese s 

(e.g .  figure  1) ,  wherea s th e representatio n fo r  con -

flicting  evidenc e i s th e assignmen t  o f  roughl y equa l 

amount s o f  probabilit y t o m a n y separat e singleto n 

set s o f  hypothese s (e.g .  figure  2) .  Fo r  example ,  i n a 

well-matche d musica l  competition ,  th e judge' s initia l 

belie f  shoul d b e n o on e ha s evidenc e i n thei r  favo r  an d 

al l  contestant s ca n fight  fo r  th e priz e Uk e a  pi e read y 

t o b e divided :  ther e i s n o conflictin g belief s concern -

in g th e outcome .  Afte r  listenin g t o everyon e perfor m 

'Note ,  however ,  tha t  [20 ,  15 ]  bot h sho w linea r  complexit y 
when applyin g th e theor y t o naturall y conjtraine d problems . 
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Figur e 2 :  Ven n grap h o f  a  maocimall y conflictin g belie f 

function :  ther e ha s bee n evidenc e supportin g eac h 
hypothesi s equally . 
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Figur e 3 :  Ven n grap h o f  th e consonan t  belie f  function : 
PtiHs )  = 1 ,  Pr(^ i  V  // a V  H 3 )  =  .3 ,  an d Pt{H i  V 

•••Hn )  =  .6 . 

well ,  th e judg e shoul d hav e belie f  i n eac h contestan t 

individuall y wit h littl e o r  n o residua l  belief :  eac h con -

testan t  ha s claim s t o mor e pi e tha n i s available .  Th e 
evidenc e cause s conflictin g beliefs . 

Mor e generally ,  assignin g non-zer o probabilitie s t o 

set s o f  hypothese s tha t  don' t  subsum e one-anothe r 

represent s conflictin g belief .  T h e c o m m o n Dempster -

Shafe r  representatio n use d i n artiflcia l  intelligenc e o f 

assignin g belie f  t o a  hypothesi s an d it s negation ,  thus , 
directl y encode s conflict .  Individua l  piece s o f  evi -

dence ,  however ,  shoul d no t  sho w an y conflic t  wit h 

themselves ,  and ,  therefore ,  thi s dichotomou s repre -

sentatio n i s usuall y inaccurate .  Th e consonan t  belie f 

functio n i s th e non-conflictin g alternative . 

Figur e 3  depict s a  consonan t  belie f  function .  I n thi s 

example ,  som e evidenc e support s hypothesi s H 3 .  T h e 

same evidenc e ha s les s direc t  suppor t  fo r  hypothese s 

Hi  an d H j  an d als o ha s som e residua l  uncertainty . 

Thi s belie f  functio n i s represente d b y assignin g non -

zer o probabilitie s t o th e set s H 3 ,  /fi ,  ifj ,  H 3 ,  an d fi -

nall y t o H i . . .  Hn -  Thi s gradua l  focusin g o f  probabil -
itie s o n progressiv e subset s i s th e definitio n o f  a  con -

sonan t  belie f  function .  A  consonzm t  belie f  functio n 

i s consonan t  wit h itself :  tha t  is ,  i t  show s n o conflic t 
wit h itself . 

T h e consonanc e o f  a n individua l  piec e o f  evidenc e 

wit h itsel f  implie s nothin g abou t  consonanc e betwee n 

piece s o f  evidence .  Differen t  piece s o f  evidenc e ca n 

conflic t  wit h eac h other .  T h e detectiv e stor y use d 

i n thi s experiment ,  fo r  example ,  show s considerabl e 

conflic t  betwee n clues .  Whil e eac h clu e migh t  b e 

self-consisten t  an d therefor e consonant ,  tha t  doe s no t 
impl y tha t  al l  clue s agree .  T h e resul t  o f  combinin g 

thes e disagreein g bu t  self-consonan t  belie f  function s 
wil l  no t  b e consonant . 

T o mak e a  choic e amon g th e hypothese s require s 

comparin g th e belief s assigne d t o eac h hypothesis .  I n 
th e Dempster-Shafe r  theory ,  ther e i s no t  a  singl e mea -
sur e o f  belie f  fo r  individua l  hypotheses .  Shafe r  pro -

vide s severa l  measures .  T h e mos t  importan t  one s ar e 

th e Be l  functio n tha t  indicate s th e lowe r  boun d o f  be -

lie f  an d th e P I  plausibilit y  functio n tha t  indicate s th e 

uppe r  bound .  Thi s experimen t  use s bot h o f  thes e t o 
compar e th e Dempster-Shafe r  system' s result s wit h 

th e h u m a n subjects '  guil t  estimates . 

4 C o m p a r i s o n s o f  behav io r 

One way in which the humans did not follow proba^ 

bilisti c  principle s wa s tha t  the y usuall y change d onl y 
th e probabilit y o f  th e suspec t  directl y impugne d b y 

th e clu e withou t  makin g compensator y change s t o th e 
othe r  suspects .  Becaus e probabilit y  require s tha t  th e 

s u m o f  th e probabilitie s ove r  suspect s equal s 1.0 ,  eac h 

chang e mus t  b e balance d wit h a n equa l  chang e i n th e 

opposit e directio n fo r  th e othe r  suspects .  Bayesia n 
probabilit y  require s proportionatel y equa l  cheuige s i n 
th e non-impugne d hypotheses .  Robinso n an d Hasti e 

terme d thei r  subjects '  omissio n o f  thi s require d com -

pensatio n "non-compensator y probabilit y  updating. " 

Althoug h subject s i n genera l  di d no t  compensate , 

ther e wer e tw o condition s unde r  whic h the y did ,  a t 
leas t  partially :  1 )  whe n a  clu e ha d a n extrem e im -

pac t  o n th e guil t  o f  on e suspect ,  an d 2 )  afte r  a  larg e 

number  o f  clue s ha d alread y bee n processed .  I n th e 

first  case—extrem e impact—th e clu e ofte n contra ^ 

diete d prio r  belief :  tha t  is ,  i t  indicate d tha t  a  sub -
ject' s favorit e suspec t  wa s actuall y innocen t  o r  tha t 
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Cues 

Figur e 4 :  Dempster-Shafe r  Be l  scor e guil t  rating s fo r 

eac h suspec t  afte r  eac h clue . 

a long-sho t  w a s guilty . 

Figur e 4  show s th e Dempster-Shafe r  system' s Be l 

functio n assignmen t  o f  guil t  t o eac h suspec t  afte r  eac h 
clue .  Eac h poin t  o n th e absciss a i s a  separat e clue . 

T h e firs t  initia l  o f  th e suspec t  mentione d b y th e clu e 

m a r k s eac h point .  S o m e o f  th e clue s indicat e guilt , 

s o me indicat e innocence ,  an d s o m e ar e neutral .  Lik e 

th e h u m a n subjects ,  mos t  o f  th e Dempster-Shafe r 

system' s belie f  change s wer e non-compensatory .  T h e 
onl y stron g demonstratio n o f  compensatio n occurre d 

i n reactio n t o th e tw o stron g clue s regardin g Fraw -

so n an d th e clue s eliminatin g Reardo n an d Kitty . 

Thi s behavio r  correspond s exactl y wit h Robinso n an d 

Hastie' s description s o f  thei r  subjects . 

As a n explanatio n fo r  th e h u m a n s '  behavior ,  thi s 

resul t  suggest s tha t  th e h u m a n s m a y no t  full y  parti -

tio n thei r  belie f  befor e collectin g evidence .  T h e hu -

m a ns m a y tak e a n approac h tha t  i s analogou s t o th e 

Dempster-Shafe r  system' s approach :  tha t  is ,  slowl y 

portio n ou t  belie f  an d onl y w h e n ther e i s a  prepon -

deranc e o f  evidenc e fo r  on e hypothesi s d o the y tak e 
b€u: k belie f  f ro m othe r  hypotheses .  W e ar e not ,  h o w -

ever ,  claimin g tha t  th e Dempster-Shafe r  syste m liter -

all y model s th e individua l  subjects .  Ther e w a s fa r  to o 

m u ch varianc e betwee n subject s t o eve n attemp t  t o 

analyz e th e system' s abilit y  t o mode l  th e individuals . 

Robinso n an d Hasti e foun d tw o othe r  aspect s 

of  th e h u m a n dat a tha t  conflicte d wit h probabil -

ity :  probabiUtie s usuall y adde d t o ove r  one—"supe r -

addit ivi ty"—an d s o m e humein s somet ime s gav e non -

zer o probabilit y  rating s t o suspect s dlie t  givin g t h e m 

zer o ratings—"resuscitation. " 

I f  th e Dempster-Shafe r  upper-boun d probabilit y 

measur e P I  i s used ,  the n mos t  o f  th e probabilitie s 

ad d t o ove r  on e thu s quaUtativel y modelin g th e super -

additivity .  T h e interpretatio n i n thi s cas e i s tha t  th e 

subject s wer e sensitiv e t o thei r  residua l  uncertaint y 

abou t  th e suspect s an d fel t  tha t  th e lower-boun d es -
timate s m a d e t he m loo k overl y convince d o f  th e sus -

pect' s innocence .  Assignin g probabilitie s a s lo w a s 

th e Be l  score s i n figure 4  migh t  loo k lik e a n admissio n 
of  implausibilit y  tha t  di d no t  correspon d t o th e sub -

jects '  belieEs .  T h e scorin g mechan is m di d no t  giv e th e 

subject s an y w a y t o indicat e th e suspects '  potentia l 

guilt ,  and ,  therefore ,  th e subject s m a y hav e blende d 

th e plausibilit y  scor e wit h th e actua l  belief . 

Becaus e th e Be l  measur e naturall y increase s fro m 

zer o t o s o m e non-zer o valu e a s evidenc e i s collected , 

th e Be l  scor e coul d mode l  th e resuscitation .  T o 

us e thi s explanatio n i n conjunctio n wit h th e super -

additivit y explanatio n require s th e assumptio n tha t 

th e subject s wer e s o m e h o w sensitiv e t o bot h th e Be l 

an d P I  an d chos e t o respon d i n s o m e hybri d manne r 
tha t  somet ime s allowe d th e Be l  scor e t o overrid e th e 

PI  score . 

Simultaneousl y usin g th e Be l  an d P I  measure s t o 

explai n th e h u m a n behavio r  i s no t  adequatel y con -

vincin g especiall y becaus e ther e ar e othe r  possibl e ex -
planation s fo r  th e super-additivit y an d resuscitation . 

Explanation s base d o n th e inpu t  scal e an d h u m a n 

understandin g see m m o r e appealin g tha n a n expla -

natio n base d o n th e Dempster-Shafe r  theory .  Fo r 

ex2jnple ,  ther e ar e s o m e problem s wit h Robinso n 
an d Hastie' s m e t h o d o f  solicitin g probabiUt y ratings . 

T h e y use d a  scal e ma rke d int o 0.0 5 probabilit y  inter -

vals .  T h e subject s m a y no t  hav e realize d tha t  posi -

tio n withi n au i  interva l  w a s significant .  Thi s expla -

natio n coul d explai n th e resuscitatio n effec t  becaus e 

n o suspec t  resuscitate d t o m o r e tha n a  probabilit y  o f 

0.1 . 

Whi l e th e Dempster-Shafe r  syste m doe s provid e 

a n explanatio n o f  thes e anomaUes ,  w e fee l  tha t  th e 

majo r  contributio n o f  thi s wor k i s t o propos e a  be -

havio r  wit h whic h decisio n syste m user s coul d em -

pathize .  T h e similarit y i s especiall y stron g fo r  th e 

non-compensator y behavior .  Becaus e th e Dempster -

Shafe r  syste m i s theoreticall y sound ,  syste m develop -

er s ca n fee l  secur e usin g it . 

5 Conc lus io n 

If, as previous work has suggested [4, 11, 14, 28, 25], 
use r  acceptanc e depend s o n th e abilit y  o f  th e use r  t o 

empathiz e wit h syste m behavior ,  an d i f  h u m a n s ar e 

particularl y poo r  a t  understandin g Bayesia n proba -

bilisti c  notions ,  the n thi s resul t  showin g th e simi -

larit y betwee n h u m a n an d Dempster-Shafe r  updat -

in g behavior s encourage s furthe r  exploratio n o f  th e 
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use o f  th e Dempster-Shafe r  theor y i n automate d rea -

soning .  Thes e result s combine d wit h th e Dempster -

Shafe r  theory' s theoretica l  soundnes s an d Mitchell' s 

result s [20 ,  21 ]  concernin g acquisitio n an d computa -

tiona l  requirement s ar e a  stron g argumen t  i n favo r  o f 

th e Dempster-Shafe r  theory . 
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