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S h o u l d w e u s e Probab i l i t y 

i n U n c e r t a i n I n f e r e n c e S y s t e m s ? 

Max Henrion 

Department of Engineering and Public Policy, 
and Departmen t  o f  Socia l  an d Decisio n Science , 

Carnegi e Mello n University . 

Abstrac t 

Criticisms of probability as being epistenxjlogically inadequate as a basis for 
reasonin g unde r  uncertaint y i n A l  an d rule-base d exper t  system s ar e largel y 
misplaced .  Probabilisti c  scheme s appea r  t o b e th e bes t  wa y t o dea l  wit h 
dependen t  evidence ,  an d t o properl y combin e diagnosti c an d predictiv e inference . 
Suggestion s tha t  exper t  system s shoul d duplicat e huma n inferenc e strategies ,  wit h 
thei r  documente d biases ,  see m ill-advised .  Ther e i s evidenc e tha t  popula r 
schemes perfor m quit e poorl y unde r  som e circumstance s an d ther e i s a n urgen t 
need fo r  carefu l  stud y o f  whe n the y ca n b e relie d upon .  Som e promisin g 
probabilisti c  alternative s ar e available ,  bu t  the y nee d t o b e demonstrate d i n 
realisti c  applications . 

Introductio n 

Historically, probability has been by far the 
most  widel y use d fonnalis m fo r  quantifyin g 
uncertaint y an d makin g inference s abou t  it . 
However ,  fo r  variou s conceptua l  an d pragmati c 
reason s th e majorit y  o f  A l  researcher s hav e not , 
hitherto ,  foun d standar d probabilisti c  technique s 
ver y appealin g fo r  us e I n rule-based ,  exper t 
systems .  Amon g th e man y alternative s the y 
hav e use d ar e th e Certaint y Factor s use d i n 
Myci n (Shortliff e &  Buchanan ,  1975 )  an d it s 
descendants .  Fuzz y Se t  Theor y (Zadeh ,  1984) , 
th e quasi-probabilisti c  schem e o f  Prospecto r 
(Dud a e t  al ,  1976) ,  th e Belie f  function s o f 
Dempster-Shafe r  theor y (Shafer ,  1976) ,  Pau l 
Cohen' s theor y o f  endorsement s (Cohen ,  1985) , 
Doyle' s theor y o f  reasone d assumption s (Doyle , 
1983) ,  an d non-numerical ,  linguisti c 
representation s o f  uncertaint y (Fox ,  1986) .  W e 
shal l  refe r  t o bot h probabilisti c  an d alternativ e 
methods ,  generically ,  a s uncertai n inferenc e 
scliemes ,  o r  UlSs . 

Each o f  thes e technique s ha s it s partisan s 
and it s detractors ,  an d discussio n abou t  thei r 
variou s merit s an d flaw s seem s t o b e heatin g u p 
of  lat e (Kana l  &  Lemmer ,  1986 ,  Gale ,  1986) . 
Much o f  th e discussio n hithert o ha s focusse d o n 
th e theoretica l  issue s o f  epistemologica l 

adequac y -  ho w wel l  ca n eac h UI S represen t 
th e differen t  aspect s o f  reasonin g wit h 
uncertainty ? Syste m developer s hav e 
understandabl y bee n mor e concerne d wit h th e 
pragmati c issue s o f  heuristi c adequac y -  ho w 
easy i s i t  t o us e an d wha t  ar e it s computationa l 
demands? 

The purpose of this paper is to give a 
persona l  vie w o f  som e o f  th e basi c issue s i n 
evaluatin g an d comparin g UlSs .  Followin g a 
ver y brie f  accoun t  o f  th e subjectiv e o r 
personalis t  vie w o f  probabilit y  an d it s 
application s i n Al ,  I  shal l  summariz e th e mos t 
common objection s t o probabilisti c  schemes , 
and attempt s t o rebu t  the m tha t  hav e appeare d 
i n th e literature .  Th e mai n focu s wil l  b e o n fou r 
issue s tha t  see m t o hav e attracte d les s 
attention .  Th e firs t  concern s th e treatmen t  o f 
correlate d source s o f  evidence ,  an d 
assumption s abou t  dependence .  Th e secon d i s 
th e issu e o f  combinin g diagnosti c an d predictiv e 
reasoning ,  an d th e separatio n o f  inferenc e aile s 
fro m domai n knowlege .  Th e thir d i s th e vexe d 
questio n o f  whethe r  o r  no t  UlS s fo r  exper t 
system s shoul d tr y t o t o approximat e huma n 
reasoning .  Th e las t  i s  th e questio n o f  whethe r  i t 
matter s muc h whic h approac h yo u use ,  an d I 
shal l  argu e th e importanc e o f  mor e systemati c 
compariso n o f  alternativ e UlS s t o fin d out .  Th e 
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issu e i s no t  simpl y wha t  ca n eac h UI S d o o r  no t 

do,  bu t  ho w muc h practica l  differenc e t o th e 

conclusion s ca n i t  mak e whic h yo u use ? 

Ther e ha s bee n considerabl e controvers y o n 

severa l  o f  thes e topics .  Researcher s ar e 

operatin g unde r  differen t  paradigm s wit h 

differen t  programmati c goals ,  s o I  canno t  expec t 

agreemen t  wit h al l  m y arguments .  Wha t  I  hop e 

i s tha t  i t  wil l  b e a  contributio n toward s creatin g a 

more focusse d debate ,  a s a  prerequisit e fo r 

more cumulativ e scienc e i n thi s importan t  area . 

T h e a p p e a l  o f  probabil i t y 

The probability of a proposition or a future 

event ,  accordin g t o th e Bayesia n o r  personalis t 

view ,  i s a  measur e o f  a  person' s degre e o f  belie f 

I n it ,  give n th e informatio n cun-entl y know n t o 

tha t  person .  Th e notio n o f  probabilit y  ma y b e 

derive d fro m a  se t  o f  simpl e axiom s o f  rationa l 

decision-makin g unde r  uncertainty ,  whic h for m 

th e basi s o f  decisio n theor y (Savage ,  1954) .  Th e 

forc e o f  thes e axioms ,  an d henc e o f  th e law s o f 

probabilit y  derive d fro m them ,  arise s fro m th e 

fac t  tha t  a  peopl e wh o violat e the m an d ar e 

willin g t o ac t  o n "incoherent "  probabilitie s (fo r 

example ,  whic h d o no t  satisf y Bayes '  rule )  ar e 

liabl e t o demonstrabl e loss .  Notably ,  a n 

opponen t  coul d alway s desig n a  "Dutc h tx>ok" , 

tha t  i s  a  combinatio n o f  bet s tha t  the y wouk i  b e 

willin g t o accept ,  accordin g t o thei r  professe d 

beliefs ,  bu t  whk;h .  I n sum ,  woul d resul t  i n a 

guarantee d los s (d e Finetti .  1974) . 

One advantag e o f  bein g embedde d i n a 

theor y o f  decisio n makin g i s tha t  i t  provide s a n 

operationa l  definitio n fo r  th e probabilit y  o f  a n 

event ,  i n term s o f  th e person' s willingnes s t o 

tak e bet s base d o n th e outcom e o f  th e event . 

Secondly ,  i n combinatio n wit h a  utilit y  mode l  o f 

preferences ,  i t  provkJe s a  clear ,  axiomatk:ally -

base d approac h fo r  nnakin g deciston s unde r 

uncertaint y (Holtzma n &  Breese ,  1985) .  Thirdly , 

it  provide s well-define d way s o f  usin g empirica l 

dat a (Spiegelhalter ,  1986) ,  an d evaluatin g th e 

accuracy ,  resolutto n an d calibratio n o f  UIS s 

(Ltohtenstein ,  Fischhof f  &  Phillips ,  1982) .  N o 

non-probabilistk ;  measur e o f  uncertaint y offer s 

thes e advantages .  I t  ha s als o bee n show n tha t 

fo r  an y reasonabl e scorin g rul e (whic h reward s a 

decisto n make r  base d o n hi s o r  he r  probabilit y 

assessment s an d th e actua l  outcome s o r  tmt h o f 

th e propositions) ,  an y scala r  measur e o f 

uncertaint y i s eithe r  wors e tha n probabilit y 

(produce s a  expecte d lowe r  score )  o r  i s 

equivalen t  t o i t  (Lindley ,  1982) . 

Probabi l ist i c  U I S s 

A set of m propositions, {Ap A2,... A^j), each 

of  whic h ma y b e tru e o r  false ,  give s ris e t o 2f " 

differen t  possibl e elementar y events ,  eac h bein g 

a particula r  combinatio n o f  propositio n values . 

e.g .  (A ^  &  ~A 2 &  .. .  A ^ .  A  complet e join t 

probabilit y  distributio n ove r  thes e proposition s 

specifie s a  probabilit y  fo r  eac h event ,  an d s o 

require s specificatio n o f  2^- 1 parameters .  Th e 

exponentia l  complexit y o f  thi s complet e 

representatio n clearl y njle s i t  ou t  a s a  viabl e 

approac h fo r  practica l  system s an d s o 

simplifyin g assumption s ar e essential .  I n al l 

practrca l  UISs ,  th e evidentia l  relationship s ar e 

modelle d a s a n inferenc e network ,  i n whic h eac h 

propositio n (o r  variable )  i s directl y relate d t o onl y 

a fe w others .  Eac h suc h lin k i s represente d b y a 

rule ,  whic h provide s evidenc e abou t  a 

consequen t  proposition ,  C ,  base d o n th e degre e 

of  belie f  i n som e togical  combinatio n o f  it s 

antecedents .  A, ,  fo r  example ,  (A ^  &  ~ A ^  — > Cg . 

A "strength "  (on e o r  rvsr e numbers )  i s 

associate d wit h eac h rule ,  whos e probabilisti c 

interpretatio n varie s accordin g t o th e scheme . 

Each suc h UI S need s t o provid e function s fo r 

propagatin g th e uncertaint y measure s throug h 

k>gk:a l  conjunction ,  disjunction ,  negation ,  an d 

generalize d modu s ponens ,  a s wel l  a s a  functio n 

fo r  combinin g th e evidenc e fro m multipl e mle s 

tha t  bea r  o n on e consequent .  Th e bes t  know n 

scheme s ar e Certaint y Factor s (CFs )  develope d 

fo r  Myci n (Shortliff e &  Buchanan .  1975 )  an d th e 

scheme use d i n Prospecto r  (Dud a e t  al ,  1976) , 

fro m whic h man y variant s hav e bee n derived . 

Bot h o f  thes e wer e originall y intende d a s 

approximation s t o Bayesia n inference . 

Neither system is completely consistent with a 

complet e probabilisti c  scheme ,  an d th e implie d 

probabilit y  distribution s ar e incoherent .  Ki m an d 

Pear l  hav e devise d a n ingeniou s schem e fo r 

representin g an d propagatin g probabilisti c 

informatio n ove r  a  kin d o f  inferenc e ne t  the y 

ter m Bayes '  network s (Ki m &  Pearl ,  1983) .  Thi s 

ca n maintai n globa l  coherenc e ove r  th e network . 
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usin g onl y a n efficien t  bca l  updatin g 

mechanism .  Thes e ar e simila r  i n spiri t  t o th e 

influenc e diagram s develope d fo r  decisio n 

analysi s (Shachter .  1985) . 

An alternativ e approac h t o dealin g wit h a 

partiall y  specifie d probabilit y  distributio n i s t o 

estimat e th e ful l  distributio n usin g th e Max imu m 

Entrop y Principle .  Thi s minimize s th e additiona l 

informatio n assume d i n fillin g ou t  th e 

distribution ,  consisten t  wit h th e specifie d 

constraint s (usuall y margina l  an d conditiona l 

probabilities) .  Whil e thi s approac h ha s severa l 

desirabl e propertie s (Shor e an d Johnson ,  1980) , 

computatio n o f  max imu m entrop y distribution s 

is ,  i n general ,  prohibitivel y expensiv e wit h nK)r e 

tha n a  fe w prop)OSitions ,  despit e attempt s t o 

improv e algorithm s (Cheeseman ,  1983) . 

However ,  man y popula r  probabilisti c  updatin g 

schemes ,  includin g ,  conditiona l  independenc e 

assumption ,  Jeffrey' s mle ,  an d odds-rati o 

updating ,  ar e actuall y specia l  case s o f  Maximu m 

Entropy ,  an d th e relate d Minimu m Cros s 

Entrop y updat e (Wise ,  1986) . 

Objections to probability 

Despite its attractions, probability has been 

unde r  sustaine d attac k a s a  viabl e schem e fo r 

representin g uncertaint y i n Al ,  eve r  sinc e 

McCarth y an d Haye s dismisse d i t  a s 

"epistemologicall y inadequate" .  Amon g th e 

criticism s hav e bee n th e following : 

1.  Probabilit y  require s vas t  anwunt s o f 
dat a o r  unreasonabl e number s o f 

exper t  judgments . 

2.  I t  can' t  expres s ignorance ,  vaguenes s 
or  "second-orde r  uncertainty* . 

3.  I t  doesn' t  distinguis h reason s fo r  an d 

against ,  o r  identif y source s o f 

uncertainty . 

4.  Th e inferenc e proces s i s har d t o 
explain . 

5.  I t  can' t  expres s linguisti c imprecision . 

6.  I t  require s unrealisti c independenc e 

assumptions . 

7.  I t  i s computationall y intractable . 

8.  I t  i s no t  ho w human s reason . 

9.  I t  doesn' t  mak e muc h differenc e wha t 

metho d yo u us e anyway . 

Severa l  recen t  article s hav e assemble d simila r 

list s o f  objections ,  overlappin g wit h th e firs t  fiv e 

or  si x liste d here ;  the y hav e provide d eloquen t 

rebuttal s (Spiegelhalter ,  1986 ,  Peart ,  1985a , 

Cheeseman,  1985) .  Belo w i s a n extremel y brie f 

summary o f  thei r  conclusions ,  withou t  attemp t  a t 

explanation .  Th e intereste d reade r  i s referre d t o 

th e origina l  articles .  Th e mai n focu s o f  thi s 

articl e wil l  b e objection s si x t o nin e an d som e 

relate d issue s o f  th e heuristi c adequac y o f 

probabilisti c  schemes . 

Summary of rebuttals 

In evaluating the criticisms and rebuttals, it is 

importan t  t o distinguis h claim s abou t 

probabilisti c  inferenc e i n genera l  fro m claim s 

abou t  specifi c  quasi-probabilisti c UIS s 

incorporatin g variou s heuristi c assumptions . 

Thes e rebuttal s hav e bee n primaril y i n defens e 

of  th e theoretica l  possibilitie s o f  probabilit y 

rathe r  tha n particula r  UISs .  Failur e t o kee p i n 

min d thi s distinctio n ha s sometime s resulte d i n 

misunderstandin g an d fruitles s argument . 

The belie f  tha t  probabilisti c  representation s 

requir e vas t  amount s o f  dat a seem s t o deriv e 

fro m frequentis t  interpretation s o f  probability , 

and doe s no t  appl y t o th e Bayesia n o r 

subjectivis t  interpretation s usuall y advocated . 

Inordinat e quantitie s o f  subjectiv e judgment s 

shoul d no t  b e necessar y either ,  sinc e human s 

ar e subjec t  t o analagous  limitation s t o othe r 

UISs ,  an d ou r  intuitiv e knowledg e o f  probabilisti c 

dependencie s i s represente d b y relativel y 

spars e networi< s (Baye s networi<s) ,  wher e mos t 

variable s ar e no t  directl y dependent .  Th e 

questio n o f  whethe r  o r  no t  tw o variable s ar e 

directl y probabilisticall y dependen t  i s a 

qualitativ e judgmen t  whic h i s relativel y eas y t o 

make(Peari ,  1985a) . 

Ignorance ,  vaguenes s o r  secon d orde r 

uncertaint y ma y b e represente d b y a  rang e o f 

probabilities ,  o r  b y a  predictiv e distributio n ove r 

a probability ,  expressin g ho w th e prio r 

probabilit y  migh t  chang e afte r  consultin g a 

specifie d informatio n sourc e (Cheeseman ,  1985 , 

Spiegelhalter ,  1986) .  Althoug h i t  i s  ofte n 

sufficien t  t o represen t  eac h probabilit y  b y it s 
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mean value ,  unles s decision s abou t  gatherin g 
new infomnatio n ar e bein g contemplated . 

It is true that a single probability by itself 

doesn' t  distinguis h th e sources ,  typ e an d effec t 

of  th e piece s o f  evidenc e o n whic h i t  i s  based , 

but  i t  i s  certainl y possibl e t o retriev e an d clearl y 

expres s thi s infomnatio n i n probabilisti c  scheme s 

(Pearl ,  1985a) .  Fo r  example ,  th e evidenc e 

weigh t  (lo g likelihoo d ratio )  provide s a 

convenien t  additiv e measur e o f  th e relativ e 

importanc e o f  eac h piec e o f  evidenc e fo r  a 

conclusion .  Th e weight s o f  supportin g evidenc e 

can b e adde d t o th e prio r  weight ,  an d weight s o f 

disconfirmin g evidenc e subtracte d i n a  sor t  o f 

"ledge r  sheet "  t o amv e a t  th e tota l  fina l  weigh t 

(Spiegelhalter ,  1986) .  Evidenc e weight s ar e 

als o usefu l  i n explainin g probabilisti c  reasoning . 

As lon g a s th e underlyin g inferenc e networ k i s 

sparse ,  a s Pear l  argue s I t  wil l  be ,  th e inferenc e 

proces s shoul d b e explainabl e i n simple , 

comprehensibl e step s (Pearl ,  1985a) . 

The advantage often claimed for Fuzzy Set 

Theor y ove r  probabilit y  i s  tha t  th e forme r  ca n 

model  linguisti c impreciston ,  wherea s 

probabilitie s ar e onl y define d fo r  unambiguousl y 

specifie d ("crisp" )  event s o r  proposition s 

(Bonissone ,  1982) .  Indee d probabilist s hav e 

generall y no t  addresse d th e issu e o f  linguisti c 

imprecision ,  asid e fro m studie s o f  th e 

correspondenc e betwee n probabilit y  phrase s 

and number s (Beyth-Marom ,  1982) .  Ther e i s 

plent y o f  experimenta l  evidenc e tha t  probabilisti c 

inferenc e i s no t  a  ver y goo d mode l  fo r  huma n 

linguisti c reasonin g (Kahneman ,  Slovi c & 

Tversky ,  1982) .  Bu t  ther e ha s bee n littl e 

experimenta l  investigatio n o f  claim s tha t 

alternativ e UIS s offe r  bette r  models .  A  stud y 

comparin g huma n judgmen t  t o Fuzz y Se t 

Theor y foun d tha t  subjects '  judgmen t  o f  th e 

"plausibility "  o f  th e intersectio n o f  tw o fuzz y set s 

was bette r  modelle d b y th e multiplicatio n o f 

"plausibilities" ,  analogou s t o th e probabilisti c  rul e 

fo r  th e intersectio n o f  tw o independen t  events , 

rathe r  tha n b y th e minimu m plausibilit y  rul e o f 

Fuzz y Se t  Theor y (Oden ,  1977) .  A  proble m i n 

suc h studie s o f  non-probabilisti c  scheme s i s 

settin g u p a  convincin g compariso n whe n th e 

measur e o f  uncertaint y ha s n o operationa l 

definition . 

Assumpt ion s abou t  dependenc e 

While probability can in theory cope perfectly 

wit h non-independen t  source s o f  evidence ,  mos t 

actua l  UIS s cannot .  Conside r  th e following : 

Chernoby l  example :  Th e firs t  radi o new s 
bulletir )  yo u hea r  o n th e acciden t  a t  th e 
Chernoby l  nuclea r  powe r  plan t  report s tha t  th e 
releas e o f  radioactiv e material s ma y hav e 
alread y kille d severa l  thousan d people .  Initiall y 
yo u plac e smal l  credenc e i n this ,  bu t  a s yo u star t 
t o hea r  simila r  report s fro m othe r  radi o an d T V 
stations ,  an d i n th e newspapers ,  yo u believ e i t 
more strongly .  A  coupl e o f  day s later ,  yo u 
realiz e tha t  th e new s report s wer e al l  base d o n 
th e sam e wire-sen/ic e repor t  base d o n a  singl e 
unconfirme d telephon e intervie w fro m l\Aoscow . 
Consequently ,  yo u greatl y reduc e you r  degre e 
of  belie f  again . 

Thousands 
dea d ̂ ^ 

t \ 
Radi o ̂  T V Newspape r 
report ^  repor t  ^^articl e 

phon e 
intervie w 

Figure 1: Inference network for 
Chernoby l  exampl e 

This illustrates how multiple, independent 
supportin g source s o f  evidenc e increas e th e 
confirmatio n o f  a  hypothesis ,  bu t  th e 
confirmatio n i s reduce d i f  the y ar e correlated . 

Most  o f  u s see m quit e capabl e o f  handlin g thi s 

kin d o f  intuitiv e reasonin g i n practice ,  eve n i f  w e 

don' t  hav e th e terminolog y t o describ e it . 

However  non e o f  th e bette r  know n UIS s ar e 

actuall y capabl e o f  distinguishin g betwee n 

independen t  an d correlate d source s o f 

evidence .  The y eac h mak e variou s arbitrar y 

fixe d assumption s abou t  th e presenc e o r 

absenc e o f  dependence .  S o al l  ar e inherentl y 

incapabl e o f  performin g thi s norma l 

commonsense reasoning .  Fo r  example ,  th e 

Fuzz y Se t  operator s fo r  an d an d or ,  ar e 

equivalen t  i n effec t  t o probabilisti c aile s 

assumin g subsumptio n amon g antecedents ,  i.e . 

wher e th e leas t  likel y propositio n logicall y 

implie s th e mor e likel y one(s) .  Thi s i s equivalen t 

t o assumin g th e max imu m possibl e correlatio n 

betwee n inpu t  propositions .  Prospecto r  an d 
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Myci n CF s us e simila r  rule s fo r  an d an d or .  O n 

th e othe r  hand ,  Prospector ,  an d Baye s network s 
assume conditiona l  independenc e whe n 
combinin g evidenc e fro m differen t  rules ,  a s i n 

th e Chernoby l  example .  Figur e 2  show s 

Pr(A&B )  a s a  functio n o f  Pr(A )  give n Pr(B)=0.6 , 

assumin g minimu m overla p betwee n A  an d B 

(Mine) ,  independenc e (Ind) ,  o r  max imu m overla p 

(MaxC) ,  whic h i s th e Fuzz y Se t  assumption .  I t 

illustrate s th e rang e o f  result s possibl e fro m 

alternativ e assumption s abou t  correlation . 

P(A&B> vs .  p(A> ,  fo p p(B>=e. 6 
1 - i  1  1  •  •  • -

0.75 0 

9.50 0 

8.25 0 

O 
Key 
Ui s 

0.25 0 0.50 0 
a =  p<A ) 

Ynd Min C 

0.75 0 

MaxC 

Figur e 2 :  Th e effec t  o f  assumption s abou t 
correlation ,  (Wis e &  Henrion ,  1986 ) 

It  ha s sometime s bee n claime d a s a n 

advantag e o f  som e non-probabilisti c  UlSs . 

includin g Fuzz y Se t  Theor y (Bonissone ,  1986) , 

tha t  the y avoi d havin g t o mak e an y assumption s 

abou t  dependencies .  Bu t  i n fact ,  a s w e hav e 

seen ,  th e Fuzz y Se t  combinatio n function s ar e 

equivalent ,  a t  leas t  i n effect ,  t o specifi c 

probabilisti c  assumptions .  I t  i s  tru e tha t  non -

probabilisti c  language s fo r  uncertaint y d o no t 

provid e a  genera l  framewor k fo r  modellin g 

correlate d evidence ,  sinc e the y d o no t  provid e a 

well-define d languag e fo r  expressin g th e ideas . 

But  t o clai m tha t  the y ca n therefor e avoi d 

makin g unsupporte d assumption s abou t 

correlation s i s aki n t o claimin g tha t  a  ne w settle r 

i n Alask a ca n dea l  wit h th e winte r  precipitatio n 

by adoptin g th e languag e o f  a n equatoria l  trib e 

wit h n o wor d fo r  snow . 

Unfortunatel y t o dea l  completel y wit h 

probabilisti c  dependence s i s  inherentl y comple x 

(exponentia l  i n th e numbe r  o f  evidenc e 

sources) ,  an d n o inferenc e networi < syste m 

whic h represent s uncertaint y i n eac h propositio n 

by on e o r  a  fe w parameter s ca n dea l  wit h it s ful l 

complexity .  A n altemativ e approac h t o i s t o 

represen t  uncertaint y b y a  rang e o f  tw o 

probabilitie s an d t o comput e bot h th e larges t 

and smalles t  probabilitie s compatibl e wit h th e 

range s o f  th e antecedents .  Thi s doe s avoi d 

makin g an y specific ,  unsupporte d assumption s , 

althoug h ther e i s a  dange r  o f  endin g u p wit h 

vacuou s result s (probabilit y  limit s o f  0  an d 1) . 

The original Bayes' Network scheme of Kim 

and Pear l  i s  restricte d t o C h o w Tree s i.e .  singl y 

connecte d graphs ,  s o tha t  conditiona l 

independenc e betwee n convergen t  source s o f 

evidenc e ca n b e presente d (Ki m &  Pearl ,  1983) . 

However  Pear l  ha s suggeste d a  metho d o f 

removin g th e cycles ,  eithe r  b y conditionin g o n 

variable s i n th e cycle ,  o r  b y addin g extr a node s 

(hidde n variables )  tha t  allow s restmcturin g th e 

probabilisti c  dependencie s t o avoi d cycle s 

(Pearl .  1985b) . 

Anothe r  approac h i s t o represen t  th e 

uncertaint y i n eac h propositio n b y a  sampl e o f 

tmt h value s representin g a  rando m sampl e o f 

possibl e worlds .  Thes e ca n b e combine d an d 

propagatin g usin g th e usua l  mechanism s o f 

deterministi c logic .  Correlation s du e t o multipl e 

path s i n th e inferenc e networ k o r  dependencie s 

specifie d betwee n input s ar e handle d correctl y 

withou t  specia l  mechanisms .  Thi s incidenc e 

calculu s (Bundy ,  1986 )  o r  logi c samplin g 

(Henrion ,  1986 )  involve s a  for m o f  Mont e Carl o 

simulation .  It s accurac y depend s o n th e sampl e 

siz e chosen .  Thi s approac h ca n b e reasonabl y 

efficien t  (  i t  i s  linea r  i n th e networi ^  size )  an d 

seems promising ,  bu t  it s ful l  potentia l  remain s t o 

be explored . 

D i a g n o s t i c a n d predict iv e 

i n f e r e n c e 

Diagnostic inference involves reasoning from 

observabl e manifestation s t o hypothese s abou t 

what  ma y b e causin g them ,  fo r  exampl e 

reasonin g fro m symptom s t o diseases . 

Predictiv e o r  causa l  inferenc e involve s 

reasonin g fro m cause s (o r  causa l  influences . 

suc h a s geneti c o r  environmenta l  factor s tha t 

migh t  increas e susceptibilit y t o a  disease )  t o 

possibl e manifestation s (Tversk y &  Kahneman , 
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1982) .  Conside r  th e following : 

The sneez e txampla :  Suppos e yo u fin d 
yoursel f  sneezin g unexpectedl y i n th e hous e o f 
an acquaintance .  I t  migh t  eithe r  b e du e t o a n 
incipien t  col d o r  you r  allerg y t o cats .  Yo u the n 
observ e anima l  pa w marks ,  whic h increase s 
you r  judge d probabilit y  o f  a  ca t  i n th e vicinit y 
(diagnosti c inference) ,  which ,  i n turn ,  increase s 
th e probabilit y  tha t  yo u ar e havin g a n allergi c 
reactio n (predictiv e inference) .  Thi s als o 
explain s awa y th e sneezing ,  an d s o decrease s 
th e probabilit y  yo u ar e gettin g a  cold . 

Notic e tha t  thi s reasonin g Involve s a  mixtur e o f 

bot h diagnosti c an d predictiv e inference .  Havin g 

rule s tha t  allo w reasonin g backward s an d 

fonward s lik e thi s create s a  dange r  o f  viciou s 

circles ,  where ,  say ,  th e probabilit y  o f  a  ca t  woul d 

increas e th e probabilit y  o f  th e allergi c reaction , 

and vic e versa .  T o avoi d this ,  i t  seem s 

necessar y t o kee p a  recor d o f  th e source s o f 

differen t  uncertai n evidenc e fo r  eac h variable ,  s o 

tha t  yo u ca n avok l  possibl e doubl e counting . 

Pearl' s  schem e fo r  Bayes '  Network s keep s th e 

flow s o f  diagnosti c an d predictiv e evidenc e 

separat e t o avoi d suc h cycling ,  an d onl y 

combine s the m t o calculat e th e aggregat e 

degre e o f  belie f  i n eac h nod e (Pearl ,  1985b) . 

Figur e 3  show s a  Baye s Networ k representatio n 

of  proposition s mentioned . 

Cat 

Incipient Allergic Al 
col d \  react io n 

Sneezing 

Paw 

mark s 

Figur e 3 :  Bayes '  networ k fo r  sneez e exampl e 

Independent evidence for the allergy helps to 

explai n th e sneezin g an d s o reduce s th e 

probabilit y  o f  a  cold .  Alternatively ,  th e 

observatio n o f  a  mil d feve r  migh t  increas e th e 

probabilit y  tha t  i t  wa s a  col d an d s o decreas e 

th e probabilit y  o f  th e allergy .  Thu s th e presenc e 

of  sneezin g induce s a  negativ e correlatio n 

betwee n th e col d an d th e allergy ,  whic h woul d 

otherwis e b e independent .  Thi s kin d o f 

reasoning ,  whic h w e ma y ter m intercausal ,  i s  a 

natura l  consequenc e o f  th e simpl e logica l 

relatio n tha t  sneezin g ca n b e cause d eithe r  b y a 

col d o r  a n allergy .  Pearl' s  propagatio n schem e 

fo r  Baye s Network s model s thi s correctly ,  bu t 

othe r  rule-base d scheme s hav e a  ver y har d tim e 

wit h it . 

Conside r  th e followin g njl e fo r  medica l 

diagnosti c inferenc e whic h perform s intercausa l 

reasonin g (Clancey ,  1983) : 

/ /  th e patien t  ha s a  petechia l  ras h an d doe s no t 
hav e leukemia ,  the n neisseri a ma y b e present . 

Thi s reflect s th e medica l  fac t  tha t  a  petechia l 

ras h ca n b e cause d eithe r  b y neisseri a o r  b y 

leukemia ,  an d s o th e ras h i s evidenc e fo r 

neisseri a unles s i t  ha s bee n explaine d b y 

leukemia . 

Leukemi a Neisser i a 

\ 
petechia l 

ras h 

Figure 4: Bayes' network for rash example 

If the system was also intended to help 

diagnos e leukemia ,  i t  woul d nee d a n additiona l 

njle : 

If  th e patien t  ha s a  petechia l  ras h an d doe s no t 
hav e neisseria ,  the n leukemi a ma y b e present . 

Wit h bot h rule s th e inferenc e networ k woul d 

contai n a  cycl e (fro m leukemi a t o neisseri a an d 

bac k again) ,  whic h i s liabl e t o caus e updatin g 

difficulties ,  a t  leas t  sensitivit y t o th e sequenc e i n 

whic h evidenc e an-ives .  Th e underlyin g proble m 

i s tha t  thes e mie s embod y genera l  knowledg e 

abou t  inferenc e unde r  uncertaint y a s wel l  a s 

specifi c  medica l  knowledge . 

It would be far better to be able to specify the 

essentia l  medica l  knowledg e i n causa l  form ,  tha t 

" a petechia l  ras h ca n b e cause d eithe r  b y 

neisseri a o r  b y leukemia "  (wit h specifie d 

conditiona l  probabilitie s i f  th e relationship s ar e 

uncertain) .  Th e UI S shoul d the n b e abl e us e 

thi s t o mak e th e uncertai n diagnosti c inference s 

implie d b y eithe r  rule ,  o r  eve n reaso n 

predictivel y fro m th e disease s t o th e symptom , 

accordin g t o th e demand s o f  th e situation . 

Pearl' s  schem e ca n d o thi s effectivel y an d 

consistently ,  whil e maintainin g a  clea r 

separatio n betwee n th e inferenc e method s an d 

domai n knowledge .  Clance y i n a  critiqu e o f 

Myci n ha s emphasize d th e desirabilit y  o f 

separatin g th e representatio n o f  inferenc e 

strateg y fro m domai n knowledg e (Clancey , 

1983) .  Bu t  i t  doe s no t  appea r  tha t  schemes ,  lik e 

Mycin ,  o r  Prospecto r  representin g knowledg e 

primaril y a s diagnosti c rules ,  rathe r  tha n 

probabilisti c  causa l  relations ,  ar e capabl e o f  this . 
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S h o u l d U I S s emu la t e h u m a n s ? 

This objection to probability has been 

forcefull y state d b y Pau l  Cohen : 

"[i t  is ]  puzzlin g tha t  A l  retain s model s o f 
masonin g unde r  uncertaint y tha t  ar e derive d 
fro m normativ e theories... ,  becaus e th e 
assumption s o f  th e normativ e approache s ar e 
frequentl y violated ,  an d becaus e th e 
probabilisti c  interpretatio n -  an d numerica l 
representatio n -  o f  uncertaint y summarize s an d 
fail s  t o discriminat e amon g reason s fo r  believin g 
and disbelieving .  .. .  model s o f  human s a s 
perfec t  processor s o f  informatio n ar e no t  onl y 
inaccurate ,  bu t  als o unlikel y t o lea d t o efficien t 
and intelligen t  reasoning. "  (Cohen ,  1985) ,  p. 9 

Cohen her e advocates  th e strategy ,  whic h 

appear s t o hav e bee n successfu l  elsewher e i n 

Al  research ,  o f  adoptin g heuristi c approache s 

base d o n huma n intuitiv e reasoning ,  rathe r  tha n 

theoreticall y optimal ,  bu t  computationall y 

intractabl e schemes .  Cognitiv e psychologist s 

hav e indee d provide d u s wit h ampl e evidenc e 

tha t  huma n inferenc e unde r  uncertaint y i s no t 

accuratel y modelle d b y Bayesia n decisio n 

theor y (Kahneman ,  Slovi c &  Tversky ,  1982) . 

But  ther e i s littl e experimenta l  evidenc e tha t 

propose d non-probabilisti c  UIS s ar e bette r 

models .  Ver y likel y ther e i s considerabl e 

variatio n betwee n task s an d betwee n 

individuals .  I t  i s  a n importan t  an d challengin g 

tas k fo r  cognitiv e psychologist s t o buil d bette r 

model s o f  judgmen t  unde r  uncertainty ,  bu t  i t 

seems quixoti c fo r  thos e primaril y intereste d i n 

developin g bette r  exper t  system s t o seriousl y 

attemp t  t o emulat e huma n judgment .  Tha t  i s no t 

t o sa y tha t  evidenc e abou t  huma n reasonin g 

includin g introspectio n ma y no t  giv e u s excellen t 

idea s fo r  devisin g ne w an d bette r  UISs ,  bu t  th e 

criterio n fo r  judgin g thei r  usefulnes s shoul d b e 

th e qualit y o f  thei r  performance ,  rathe r  tha n ho w 

wel l  the y simulat e huma n though t  processes . 

O ne featur e o f  huma n judgmen t  observe d b y 

psychologist s ha s bee n temrie d th e 

representativenes s heuristic :  W h e n aske d th e 

probabilit y  tha t  objec t  A  belong s t o clas s B , 

peopl e typicall y evaluat e i t  b y th e degre e t o 

whic h A  i s representativ e o f  B ,  tha t  i s  b y th e 

degre e t o whic h A  resembles  B  (Kahneman , 

Slovi c &  Tversky ,  1982) .  Thi s lead s t o 

judgment s whic h ar e insensitiv e t o th e prio r 

probabilit y  o f  A ,  an d contrar y t o Bayes '  rule . 

Cohen an d colleague s explicitl y  adop t  th e 

representativenes s heuristi c fo r  representin g 

uncertaint y i n th e classificatio n system ,  G R A N T. 

(Cohe n e t  al ,  1985) ,  whic h deliberatel y ignore s 

prio r  information .  Othe r  UIS s als o explicitl y 

exclud e prio r  probabilities ,  includin g Myci n 

(Buchana n &  Shortliffe ,  1984) .  Th e rational e 

has bee n tha t  prio r  probabilitie s ar e to o har d t o 

estimate ,  an d i t  i s  bette r  t o avoi d them . 

However ,  fo r  bot h G R A NT an d Myci n (an d it s 

derivatives) ,  ignorin g prior s I s functionall y 

equivalen t  t o assumin g equa l  prior s (fo r  th e 

probabilitie s o f  agencie s fundin g a  proposal ,  o r 

th e probabilitie s o f  diseas e organisms) . 

Occasionall y suc h fla t  prior s ma y b e 

appropriate ,  bu t  mor e ofte n i t  mean s ignorin g 

importan t  informatio n abou t  differin g 

frequencies . 

The followin g exampl e point s u p th e danger s 

of  thi s approach : 

Bloo d tes t  example :  Jame s i s engage d t o b e 
married ,  an d take s th e routin e pre-marita l  bloo d 
tes t  require d b y th e state .  T o hi s horror ,  th e tes t 
comes bac k positiv e fo r  syphilis .  Hi s physicia n 
explain s t o hi m tha t  th e tes t  i s  ver y reliable , 
havin g a n fals e positiv e rat e o f  1%,  an d s o th e 
chanc e h e ha s th e diseas e i s 99% .  Aghast , 
James wonder s wha t  t o tel l  hi s fiancee . 

Most  physician s wil l  giv e th e sam e advic e a s 

James '  on e does .  Lik e othe r  people ,  the y ar e 

poor  intuitiv e Bayesian s (Kahneman ,  Slovi c & 

Tversky ,  1982 )  an d ten d t o ignor e prio r  o r  base -

rat e infonnation .  Usin g th e representativenes s 

heuristic ,  th e chanc e tha t  Jame s ha s V D i s 

judge d b y th e degre e t o whic h h e (havin g a 

positiv e bloo d test )  i s  representativ e o f  peopl e 

wit h VD .  I n this ,  an d man y simila r  cases ,  th e 

heuristi c lead s t o a  conclusio n tha t  i s badl y 

wrong : 

Fortunately ,  James '  fiancee ,  Alice ,  i s  no t  onl y 
understanding ,  bu t  a  Bayesia n statistician .  Sh e 
find s ou t  fro m th e physicia n tha t  th e prevalenc e 
of  syphili s  amon g me n fro m James '  backgroun d 
i s abou t  1  i n 10,000 .  Base d o n this ,  sh e 
conclude s tha t  th e probabilit y  h e actuall y  ha s th e 
diseas e i s abou t  1%,  an d deckle s t o g o ahea d 
wit h th e wedding . 

For  thos e o f  u s no t  s o luck y a s t o b e marryin g a 

Bayesian ,  woul d w e rathe r  consul t  a  physicia n 

or  a n exper t  syste m modelle d o n norma l  huma n 

judgment ,  o r  woul d w e prefe r  on e base d o n 

normativ e Bayesia n principles ? 
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D o e s i t  matte r  w h i c h y o u u s e ? 

Even if one accepts the arguments that 
probabilit y  i s  epistemologicall y adequat e t o 

represen t  uncertainty ,  i t  i s  clea r  tha t  onl y 

approximation s t o i t  ar e connputationall y 

tractabl e fo r  rea l  systems .  DespK e th e 

theoretica l  difference s betwee n systems ,  doe s i t 

reall y mak e muc h differenc e t o th e conclusion s 

of  a  rule-base d exper t  syste m whic h schem e 

you use ? Ther e ha s bee n a  commo n perceptio n 

i n th e A l  communit y tha t  th e performanc e o f 

system s i s relativel y insensitiv e t o th e choic e o f 

UIS;  tha t  th e importan t  difference s ar e t o d o wit h 

qualitativ e knowledg e rathe r  tha n quantitativ e 

uncertai n inference .  Thi s ma y b e true ,  a t  leas t 

fo r  som e domains .  Bu t  s o far ,  belie f  i n thi s 

insensitivit y seem s t o hav e bee n base d primaril y 

on ideology ,  sinc e ther e ha s bee n littl e 

systemati c analysi s o r  experimenta l  evidenc e 

published . 

One earl y piec e o f  evidenc e wa s a 

compariso n o f  Mycin' s metho d fo r  combinin g 

evidenc e fro m differen t  mle s wit h a  probabilisti c 

model  (Shortliff e &  Buchanan ,  1975) .  Thi s 

showed a  pronounce d tendenc y t o under -

respond .  O n average ,  stron g aggregat e 

evidenc e fo r  o r  agains t  a  conclusio n wa s 

compute d t o b e a s abou t  hal f  a s stron g (hal f  th e 

CF)  a s i t  shoul d be .  Thi s i n itself ,  ma y no t  hav e 

mattere d much ,  sinc e Myci n use d relativ e CF s 

fo r  makin g decisions .  Bu t  i n 2 5 % o f  th e case s 

th e syste m responde d i n th e wron g direction . 

Confirmin g evidenc e actuall y reduce d th e C F o r 

vic e versa .  Th e developer s o f  Myci n sugges t 

tha t  Certaint y Factor s ar e satisfactor y fo r  th e 

initia l  applicatio n domai n (selectin g antibioti c 

therapy) ,  bu t  tha t  "W e woul d nee d t o perfor m 

additiona l  experiment s t o determin e th e breadt h 

of  th e nx)der s applicability" ,  (Buchana n & 

Shortliffe .  1984 )  p .  700 .  Howeve r  CF s an d 

relate d UIS s ar e no w bein g use d fo r  man y othe r 

applications ,  apparentl y withou t  th e benefi t  o f 

suc h experiments . 

Recentl y ther e hav e bee n a  fe w comparativ e 

studie s o f  UISs .  Ton g an d colleague s hav e 

compare d 1 2 variant s o f  th e Fuzz y Se t  Rule s fo r 

and,  or ,  an d modu s ponen s combination s i n 

term s o f  thei r  performanc e i n a  fixe d rul e bas e 

(Tong ,  1985) .  The y foun d tha t  th e performanc e 

of  al l  rule s wit h smoot h respons e (i.e .  no t 

discontinuous )  di d reasonabl y wel l  i n thei r 

example .  Vaugha n an d colleague s hav e don e a 

compariso n o f  th e Prospecto r  schem e wit h 

odds-rati o updatin g (Vaughan ,  1986 )  fo r  a 

systemati c rang e o f  singl e rules .  The y foun d 

tha t  Prospecto r  di d wel l  i n man y cases ,  bu t  tha t 

ther e ar e som e situation s i n whic h i t  perform s 

poorly .  Wis e ha s argue d tha t  th e appropriat e 

standar d fo r  compariso n i s a  syste m usin g 

Maximu m Entrop y t o fi t  a  complet e prio r  t o 

specifie d inpu t  probabilitie s an d rul e strengths , 

and Minimu m Cros s Entrop y fo r  updatin g i t 

(Wis e &  Henrion .  1986 ,  Wise ,  1986) .  Thi s 

M E / M XE approac h i s actuall y a  generalizatio n o f 

th e odds-rati o approac h use d b y Vaugha n e t  al . 

Wis e ha s performe d comparison s o f  si x UISs , 

includin g CFs ,  Fuzz y Se t  Theory ,  an d a 

probabilisti c  schem e wit h Conditiona l 

Independence ,  agains t  th e M E / M X E scheme ,  fo r 

individua l  rules ,  an d smal l  assemblie s o f  2  o r  3 

rules ,  3 0 case s i n all ,  eac h wit h al l  inpu t 

probabilitie s systematicall y varie d (Wise ,  1986) . 

For  purpose s o f  comparison ,  th e degre e o f 

membershi p o f  a  Fuzz y Se t  wa s equate d t o 

probability .  Th e perfomnanc e o f  th e UIS s varie d 

considerabl y ove r  th e differen t  situations .  Al l 

worke d wel l  i n a t  leas t  som e cases ,  an d non e 

worke d wel l  i n al l  cases.  Ther e wer e som e 

situation s i n whic h som e UIS s wer e wors e tha n 

rando m guessing . 

It is not hard to constmct examples in which 

CFs (an d othe r  widely-use d UISs )  produc e 

result s tha t  disagre e badl y wit h a  complet e 

probabilisti c  analysis ,  eve n havin g th e wron g 

qualitativ e sensitivities .  Experience d knowledg e 

engineer s ma y b e awar e o f  a t  leas t  som e o f  th e 

problem s inheren t  i n th e UI S the y use ,  an d ma y 

kno w ho w t o nnodif y mle-set s t o mitigat e th e 

undesirabl e behavior ,  a t  leas t  fo r  som e 

anticipate d situations .  However ,  som e o f  th e 

problem s ar e quit e subtle ,  eve n thoug h thei r 

effect s ca n b e severe .  I n an y cas e i t  seem s 

dangerou s t o rel y o n th e abilit y  o f  th e knowledg e 

enginee r  t o "progra m around "  suc h problems , 

particularl y give n ou r  sketch y understandin g o f 

what  al l  th e problem s are . 
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C o n c l u s i o n s 

Probability has often been criticized as 
epistemologicall y inadequat e fo r  representin g 
uncertaint y i n Al ,  bu t  man y o f  thes e criticism s 

hav e stemme d fro m incomplet e understandin g 
of  probabilisti c  inference .  I n thi s paper ,  I  hav e 
focusse d o n a  numbe r  o f  importan t  advantage s 
tha t  probabilisti c  representation s hav e ove r 
othe r  propose d measure s o f  uncertainty ,  whic h 
hav e no t  loome d s o larg e i n th e debat e hitherto . 
Persona l  probabilit y  ha s a n unambiguou s 
operationa l  definition ,  an d i t  i s  embedde d i n a 
rationa l  theor y o f  decision-makin g unde r 
uncertaint y - -  w e kno w wha t  i t  means ,  an d w e 
kno w ho w t o mak e decision s usin g it . 
Probabilisti c  inferenc e i s epistemologicall y 
adequat e t o perfor m thre e importan t  kind s o f 
reasonin g tha t  human s ar e capabl e of :  (a ) 
takin g int o accoun t  non-independenc e betwee n 
source s o f  evidence ,  (b )  engagin g i n mixe d 
diagnosti c an d predictiv e inference ,  an d (c ) 
inter-causa l  inference ,  betwee n alternativ e 
cause s o f  a n event ,  a s i n "explainin g away" . 

Non-probabilisti c  rule-base d UIS s ma y b e abl e 
t o simulat e thes e i n particula r  cases ,  a t  leas t 
qualitatively ,  bu t  onl y b y confoundin g genera l 
knowledg e abou t  uncertai n inferenc e wit h th e 
domai n specifi c  knowledg e i n th e rules . 

Thes e type s o f  inferenc e ar e important ,  an d 
we ca n lear n a  grea t  dea l  fro m studyin g huma n 
reasoning .  Bu t  i t  i s  no t  necessaril y  desirabl e 
tha t  a  UI S shoul d duplicat e a//feature s o f  huma n 
judgmen t  unde r  uncertainty ,  includin g suc h 
strategie s a s th e representativenes s heuristi c 
tha t  ca n lea d t o sever e biases ,  a s i n th e bloo d 
tes t  example .  Wher e cognitiv e limitation s caus e 
human judgment s t o diverg e fro m th e result s o f 
normativ e theory ,  surel y i t  i s  bette r  t o us e th e 
latte r  whe n exper t  system s ar e advisin g o n 
importan t  decisions ,  a s i n medica l  o r  defens e 

applications . 

If  on e accept s th e argument s fo r  th e 
epistemologica l  adequacy ,  o r  eve n superiority , 
of  probability ,  seriou s question s ma y stil l  b e 
raise d abou t  it s heuristi c adequac y ~  ca n 
practical ,  computationall y efficien t 

implementation s b e built ? Th e Bayes '  Networi < 
approac h seem s ver y promising ,  bu t  wori < stil l 
remain s t o b e don e t o dea l  convenientl y an d 
generall y wit h multipl y connecte d network s (i.e . 

dependen t  source s o f  evidence) .  Mont e Carl o 
logi c samplin g seem s t o offe r  possibilitie s here , 
bot h a s a  practica l  implementatio n an d a s a n 

intellectua l  lin k t o deterministi c logic .  Althoug h 
severa l  probabilisti c  method s fo r  dealin g wit h 
second-orde r  uncertainty ,  distinguishin g th e 

effec t  o f  differen t  source s o f  evidence ,  an d 
explainin g probabilisti c  reasonin g hav e bee n 

suggested ,  ther e remain s considerabl e wori < t o 
be don e t o develo p implementation s an d 

experimenta l  stud y o f  thei r  acceptanc e an d 
usefulnes s t o syste m builder s an d users . 
Whateve r  th e theoretica l  merit s o f  probabilisti c 
representations ,  th e A l  communit y ha s a 
venerabl e traditio n o f  pragmatism ,  an d man y wil l 
understandabl y remai n unconvince d unti l  thes e 
more sophisticate d probabilisti c  scheme s hav e 
demonstrate d succes s i n larg e scal e 
applications .  O n th e othe r  hand ,  disturbin g 
evidenc e i s emergin g abou t  th e performanc e o f 
th e mos t  popula r  UISs ,  an d complacenc y woul d 
be inappropriat e a s the y ar e applie d t o ne w 
task s wit h majo r  potentia l  consequences .  Ther e 
i s a n urgen t  nee d fo r  mor e rigorous 
experimenta l  evaluation s o f  UIS s fo r  a  rang e o f 
realisti c mie-base s t o fin d ou t  unde r  wha t 
circumstance s the y ca n b e relie d on ,  an d whe n 
the y ma y b e seriousl y wrong . 
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