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Introduction 

Much research in artificial intelligence has been directed toward the development of high-

performanc e domain-specifi c  proble m solvin g systems ,  calle d exper t  system s o r  knowledge-base d 

systems .  M a n y curren t  exper t  system s rel y o n associationa l  knowledg e (heuristics ,  empirica l  asso -

ciations ,  "rule s o f  thumb" )  fo r  thei r  reasonin g power .  A n alternativ e approach ,  causa l  reasoning , 

uses a  mode l  o f  th e object s i n th e domai n an d th e operation s tha t  ca n b e performe d o n thos e ob -

jects .  Causa l  model s ca n provid e richly-detaile d knowledg e base s fo r  reasonin g i n man y domains , 

but  model s ar e inefficien t  compare d t o th e associationa l  knowledg e typicall y use d i n exper t  systems . 

H u m an proble m solver s ar e abl e t o us e bot h associationa l  an d causa l  reasoning .  W e recogniz e 

and quickl y solv e c o m m o n problems ,  bu t  ca n us e mor e detaile d causa l  knowledg e whe n face d wit h 

nove l  o r  difficul t  problems .  A n artificia l  reasonin g syste m tha t  combine d bot h type s o f  knowledge , 

usin g associationa l  knowledg e fo r  speed ,  an d reservin g th e abilit y  t o reaso n fro m a  mode l  whe n 

necessary ,  similarly ,  woul d b e highl y desirable .  Case-base d reasonin g technique s [Kolodner ,  1985 ] 

ca n b e use d t o improv e th e performanc e o f  causa l  model-base d systems ,  becaus e th e ac t  o f  retrievin g 

a simila r  cas e an d usin g it s solutio n i s clearl y associational :  feature s o f  a  proble m ar e associate d 

wit h a  solutio n t o tha t  problem .  However ,  case-base d reasonin g technique s hav e no t  bee n widel y 

use d t o enhanc e th e performanc e o f  exper t  systems .  Also ,  case-base d reasonin g system s suffe r  fro m 

lac k o f  a  model .  Ther e i s n o justificatio n (othe r  tha n coincidence )  fo r  believin g tha t  transferrin g 

a solutio n fro m a  previou s cas e t o a  ne w cas e wil l  produc e a  vali d solution .  Th e combinatio n o f 

case-base d reasonin g technique s wit h causa l  reasonin g coul d resul t  i n substantiall y  improve d exper t 

systems . 

Overview of CASEY 

I have developed a program, CASEY, which integrates case-based and causal reasoning. The 

causa l  reasonin g componen t  employ s a  mode l  o f  th e cardiovascula r  syste m develope d fo r  th e Hear t 

Failur e progra m [Long ,  e t  al ,  1986] ,  a n exper t  syste m fo r  managin g patient s wit h hear t  disease . 

The case-base d reasonin g componen t  use s a  self-organizin g memor y syste m [Kolodner ,  1983 ]  t o 

stor e description s o f  al l  patient s th e progra m ha s seen ,  an d generalization s derive d fro m similaritie s 

betwee n th e patients .  Th e patien t  descriptio n i s comprise d o f  features .  Thes e includ e bot h inpu t 

data ,  suc h a s sign s an d symptoms ,  tes t  results ,  histor y an d curren t  therap y information ,  an d 

solutio n data ,  suc h a s th e causa l  explanatio n fo r  th e patient ,  th e diagnosis ,  therap y recommendatio n 

and outcom e information . 

CASEY'S outpu t  i s a  causa l  explanatio n tha t  describe s a  relationshi p betwee n physiologica l 

state s i n th e mode l  an d observabl e feature s o f  th e patient .  Thi s i s produce d usin g a  five-step 

'Th e wor k reporte d her e ha s bee n supporte d (i n part )  b y Nationa l  Institute s o f  Healt h grant s ROl  L M 0449 3 fro m 
th e Nationa l  Librar y o f  Medicin e an d ROl  H L 3304 1 fro m th e Nationa l  Heart ,  Lung ,  an d Bloo d Institute .  Rober t 
Jayes ,  M D kindl y provide d th e exampl e cases .  Willia m Long' s Hear t  Failur e progra m provide d a n excellen t  resourc e 
fo r  thi s work .  Pete r  Szolovits ,  Rames h Patil ,  an d Willia m Lon g gav e muc h helpfu l  advic e i n supervisin g thi s research . 

167 



K O T ON 

process .  First ,  C A S E Y finds a  cas e simila r  t o th e ne w patien t  i n it s cas e memory .  Next ,  i t 

evaluate s th e significanc e o f  an y difference s betwee n th e ne w cas e an d th e retrieve d case .  Durin g 

thi s phas e th e matc h ca n b e invalidate d i f  ther e ar e significan t  differences .  I f  non e o f  th e difference s 

invalidat e th e match ,  C A S E Y adapt s th e solutio n fro m th e retrieve d cas e t o fit  th e ne w case .  I f  a 

matc h i s rule d out ,  o r  i f  n o simila r  previou s cas e i s found ,  C A S E Y use s th e Hear t  Failur e progra m 

t o produc e a  solutio n fo r  th e cas e d e novo .  Th e ne w cas e an d it s solutio n ar e store d i n CASEY' s 

memory fo r  us e i n futur e proble m solving. ^  Finally ,  th e feature s whic h wer e causall y importan t  i n 

th e solutio n o f  thi s proble m ar e note d i n th e memory . 

Retrieving ,  adapting ,  an d storin g case s ar e standar d procedure s o f  a  case-base d reasoner .  Be -

caus e th e matc h betwee n a  ne w proble m an d a  previousl y solve d proble m usuall y i s onl y partial , 

ther e m a y b e difference s betwee n th e tw o case s tha t  preclud e usin g eve n a  modifie d versio n o f  a 

retrieve d solutio n fo r  a  ne w problem .  Th e justificatio n ste p ensure s tha t  a  retrieve d solutio n ca n 

be supporte d b y th e dat a i n th e ne w problem .  Evaluatin g th e feature s o f  th e ne w proble m t o 

determin e whic h wer e importan t  t o th e solutio n help s th e progra m mak e bette r  matche s i n th e 

future ,  becaus e i t  allow s th e progra m t o distinguis h betwee n rando m feature s an d importan t  ones . 

C A S EY differ s fro m previou s case-base d reasonin g system s becaus e i t  use s informatio n fro m it s 

causa l  mode l  t o effec t  thes e steps .  Durin g retrieval ,  causa l  knowledg e i s use d t o selec t  importan t 

feature s o f  th e ne w cas e fo r  matching .  Durin g justification ,  causa l  reasonin g i s use d t o judg e th e 

significanc e o f  difference s betwee n th e ne w an d previou s cases .  I n repairin g a  retrieve d solution , 

th e causa l  mode l  determine s wha t  change s shoul d b e mad e i n th e retrieve d solutio n s o tha t  i t  fits 

th e presen t  case .  Featur e evaluatio n use s th e causa l  explanatio n o f  th e ne w cas e t o determin e it s 

importan t  features . 

Matching and Retrieval 

Most case-based reasoners use a similarity metric to gauge the similarity of two problems, and 

t o choos e th e bes t  matc h fo r  th e curren t  problem .  Similarit y metric s us e a  combinatio n o f  th e 

number  o f  feature s i n c o m m o n an d th e relativ e importanc e o f  thos e features .  I n man y case-base d 

reasonin g systems ,  th e relativ e importanc e o f  feature s fo r  matchin g i s predetermine d b y th e syste m 

designe r  (fo r  example ,  [Simpson ,  1985] ,  [Hammond ,  1986] ,  [Bain ,  1986]) .  Anothe r  approac h i s t o 

determin e th e importan t  feature s base d o n a  program' s experienc e o f  wha t  wa s importan t  i n solvin g 

simila r  problems . 

C A S EY matche s a  ne w cas e agains t  case s i n it s memor y usin g ever y featur e i n th e patien t 

description .  However ,  no t  al l  th e feature s ar e equall y importan t  i n matchin g a  cas e t o a  previou s 

case .  Furthermore ,  th e importan t  feature s fo r  matchin g ma y var y fro m cas e t o case .  Therefore , 

C A S EY determine s th e importan t  feature s fo r  matchin g dynamicall y fo r  eac h ne w cas e presente d 

t o th e system ,  an d give s thes e feature s greate r  weigh t  fo r  matching .  Importan t  feature s ar e define d 

as thos e tha t  playe d a  rol e i n th e causa l  explanatio n o f  previou s simila r  cases . 

Figur e 1  show s a  sampl e patien t  presente d t o C A S E Y ,  Oprah .  Th e retrieve d cas e fo r  Oprah , 

a patien t  name d Mary ,  i s  show n i n Figur e 2." '  Th e feature s marke d wit h a n asteris k i n Mary' s 

descriptio n eir e thos e tha t  wer e use d i n th e solutio n t o he r  case .  Opra h ha s some ,  bu t  no t  all ,  o f  th e 

feature s tha t  wer e importan t  i n th e cas e o f  Mary .  Th e tw o case s als o shar e som e feature s tha t  wer e 

*Th e use r  ha s th e optio n o f  rejectin g CASEY' s solution ,  i n whic h cjis e Hear t  Failur e progra m i s use d t o produc e 
a causa l  explanation ,  whic h wil l  b e store d i n memory . 

•'Th e patien t  description s i n thes e illustration s hav e bee n simplifie d t o conserv e spac e b y excludin g feature s wit h 
normal  values .  A  patien t  descriptio n typicall y consist s o f  abou t  4 0 features . 
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(DEFPATIEI T "Oprah " 
HISTORY 

(AGE .  77 ) 

(SEX FEMALE) 

(DYSPIE A OI-EXERTIOI ) 

(CHEST-PAI I  AIGIHAL ) 

(AHGIIA L UISTABLE ) 

VITAL-SIGI S 

(BLOOD-PRESSURE 14 7 89 ) 

(HEART-RATE .  84 ) 
(RESP .  14 ) 

(TEMP .  98.6 ) 

PHYSICAL-EXAM 
(APPEARAMCE lO-APPAREIT-DISTRESS ) 

(PULSE SLOW-RISE) 

(AUSCULTATIOI  MURMUR S2 ) 

(MURMUR SYSTOLIC-EJECTIOI-MURMUR) 

(S 2 S0FT-A2 ) 

(APEX-IMPULSE SUSTAIIED ) 

LABORATORY-FIVDIIGS 

(EXG LV H lORMAL-SIVUS ) 

(CXR CAROIOMEGALY) 

(CARDIOMEGALY LV) ) 

Figur e 1 :  Descriptio n o f  patien t  Oprah . 

(DEFPATIEI T "Mary " 

HISTORY 

(AGE .  67 ) 

(SEX FEMALE) 
(DYSPIE A OI-EXERTIOI* ) 

(CHEST-PAI I  AIGIIAL ) 

(AIGIIA L UISTABLE *  EXPERIEICIIG* ) 

VITAL-SIGI S 

(BLOOD-PRESSURE 14 8 90 ) 

(HEART-RATE .  99 ) 
(RESP .  14 ) 

(TEMP .  98.7 ) 

PHYSICAL-EXAM 

(APPEARAICE DIAPHORETIC*  AIXIOUS* ) 

(PULSE lORMAL ) 
(AUSCULTATIOI  MURMUR S2 ) 

(MURMUR SYSTOLIC-EJECTIOI-MURMUR* ) 

(S 2 SIIGLE* ) 

(APEX-IMPULSE SUSTAIIED* ) 

LABORATORY-FIIDIIG S 
(EKG lORMAL-SIIU S LV-STRAII* ) 

(CXR CARDIOMEGALY) 

(CARDIOMEGALY GEIERALIZED*) ) 

Figur e 2 :  Descriptio n o f  patien t  Mary . 

not used in the solution of Mary's case. CASEY matched Oprah to Mary using the similarities 

betwee n th e tw o cases .  I t  no w calculate s th e difference s betwee n th e tw o cjise s (show n i n Figur e 3 ) 

and passe s thi s informatio n t o th e justifier ,  alon g wit h th e solutio n retrieve d fro m Mary' s case . 

Justification and Adaptation 

Two CcLses might have many similar features yet have one critical difference that invalidates the 

match .  Th e critica l  questio n i s whethe r  differen t  value s o f  feature s i n th e proble m descriptio n sti U 

suppor t  th e sam e solution .  I n CASEY' s domain ,  thi s manifest s itsel f  a s whethe r  differen t  patien t 

symptom s stil l  suppor t  th e sam e causa l  explanation .  C A S E Y therefor e use s a  se t  o f  evidenc e 

principle s t o evaluat e difference s betwee n th e ne w cas e an d a  retrieve d cas e b y examinin g th e 

relationship s betwee n evidenc e an d physiologica l  state s i n th e Hear t  Failur e model .  Thes e principle s 

rel y o n suc h concept s a s alternat e line s o f  evidenc e fo r  states ,  additiona l  supportin g evidenc e fo r 

states ,  an d inconsisten t  evidence .  Th e modul e i n C A S E Y tha t  perform s thi s evaluatio n i s calle d 

th e justifier . 

A differenc e i s insignifican t  i f  i t  doe s no t  affec t  th e retrieve d causa l  explanation .  Fo r  example ,  th e 

differenc e betwee n Mary' s an d Oprah' s temperatur e i s insignifican t  becaus e bot h temperature s ar e 

normal .  A  differenc e i s sai d t o b e repairabl e i f  th e feature s o f  th e ne w cas e ca n b e fi t  t o th e retrieve d 

causa l  explanation .  Consider ,  fo r  example ,  th e fragmen t  o f  Mary' s causa l  explanatio n show n i n 
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Featur e nam e 

age 

angina l 

blood-pressur e 

heart-rat e 

tem p 98. 7 

appearanc e 

puls e 

s2 

ekg 

Valu e fo r  M w y 

67 

unstable *  experiencing * 

148/9 0 

99 

98. 6 

diaphoretic *  anxious * 

norma l 

single * 

Iv-strain * 

Valu e fo r  Opra h 

77 

unstabl e 

147/8 9 

84 

norma l 

slow-ris e 

soft-a 2 

Iv h 

cardiomegal y generalized * I v 

Figur e 3 :  Difference s betwee n patient s Mar y an d Oprah . 

Figur e 4 .  Th e featur e EKG:  L V STRAI N i s evidenc e supportin g th e stat e L V H Y P E R T R O P H Y. 

Opra h doe s no t  hav e I v strai n o n he r  EKG .  C A S E Y look s i n th e causa l  mode l  fo r  othe r  feature s 

tha t  ar e evidenc e o f  L V H Y P E R T R O P H Y,  an d determine s whethe r  Opra h ha s an y o f  thos e features . 

I n fact ,  Opra h ha s tw o suc h findings:  EKG:  LV H an d L V CARDIOMEGALY.  Therefore ,  C A S E Y ca n 

justif y keepin g thi s stat e i n Oprah' s causa l  explanation .  I f  a U difference s betwee n th e ne w cas e an d 

th e retrieve d cas e ar e insignifican t  o r  repairable ,  the n th e transfe r  o f  solution s fro m th e preceden t 

t o th e curren t  cas e proceeds . 

I n case-base d reasonin g system s withou t  causa l  models ,  th e proble m solve r  finds  th e bes t  match , 

transfer s it s solutio n t o th e ne w case ,  an d hope s fo r  th e best .  Sometime s a  retrieve d cas e lead s th e 

proble m solve r  dow n th e wron g path .  Evaluatin g difference s b y us e o f  a  causa l  mode l  improve s th e 

likelihoo d tha t  th e retrieve d solutio n applie s t o th e ne w case .  Whe n C A S E Y justifie s th e matc h 

betwee n th e ol d cas e an d th e ne w case ,  i t  demonstrate s tha t  althoug h ther e ar e difference s betwee n 

th e cases ,  th e causa l  mode l  sti U support s th e retrieve d solution . 

Modification s t o th e solutio n ar e necessar y fo r  partia l  matche s betwee n cases .  Repai r  strategie s 

ar e invoke d b y th e justifie r  whe n i t  discover s a  repairabl e differenc e betwee n th e ne w cas e an d th e 

retrieve d case .  Repai r  strategie s adap t  a  previou s solutio n t o a  ne w cas e b y addin g o r  removin g 

node s an d link s o n a  cop y o f  th e retrieve d causa l  explanation .  I n th e exampl e o f  Mar y an d Oprah , 

th e justifie r  woul d invok e causa l  repai r  strategie s t o remov e th e evidenc e EKG:  L V strai n fro m th e 

stat e L V H Y P E R T R O P H Y,  an d ad d th e evidenc e EKG:  LV H an d L V CARDIOMEGALY t o th e lis t  o f 

evidenc e supportin g tha t  state .  Repaire d solution s d o no t  hav e t o b e teste d (a s i s require d in ,  e.g. , 

[Hammond,  1986] ,  [Simmon s &  Davis ,  1987] )  becaus e th e validatio n o f  th e solutio n b y th e causa l 

model  ha s alread y take n plac e i n th e justificatio n phase . 

HIGH L V PRESS CHRONIC LV HYPERTROPHY 

ekg:l v strai n 

Figure 4: A fragment of Mary's causal explanation. 
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Storag e 

The use of causal reasoning influences the way a new case is stored in the case memory. A cases 

i s indexe d bot h b y th e inpu t  feature s tha t  describ e th e cas e an d th e causa l  explanatio n tha t  wa s 

derive d fo r  th e case .  C A S E Y als o make s generalization s abou t  th e case s i t  ha s solve d b y finding 

similaritie s betwee n th e ne w cas e an d case s alread y i n it s memory . 

Generalizin g th e patien t  description s allow s C A S E Y t o mak e prediction s abou t  patient s wh o 

shar e feature s [Kolodner ,  1985 ]  b y recognizin g co-occurrences .  C A S E Y generalize s al l  th e feature s 

i n th e patien t  description ,  no t  jus t  th e causally-relate d features .  Th e Hear t  Failur e mode l  i s incom -

plete ,  s o i t  i s  possibl e tha t  certai n non-causa l  feature s ar e relate d t o (an d therefor e ca n predict ) 

some caus e no t  represente d i n th e model .  Th e se x o f  th e patien t  i s  a n example :  n o stat e i n th e 

causa l  mode l  use s th e se x o f  th e patien t  a s evidence ,  ye t  ther e ar e causa l  relationship s betwee n gen -

der  an d hear t  disease .  Th e ag e o f  th e patien t  i s  anothe r  example .  Th e us e o f  case-base d reasonin g 

therefor e allow s C A S E Y t o improv e o n th e performanc e o f  th e Hear t  Failur e syste m b y learnin g 

ne w association s betwee n feature s an d solutions .  A t  th e sam e time ,  makin g generalization s abou t 

group s o f  simila r  patient s reduce s th e effec t  o f  nois e (random ,  unimportan t  feature s i n th e patien t 

description )  o n th e performanc e o f  th e program .  Thi s i s becaus e spuriou s feature s ar e likel y t o oc -

cur  randomly ,  wherea s importan t  feature s wil l  ten d t o recu r  wit h som e regularit y i n case s presente d 

t o th e program . 

Generalizin g th e explanation s produce s partia l  explanation s tha t  explai n th e feature s tha t  th e 

ne w cas e an d retrieve d cas e hav e i n common .  Thi s allow s C A S E Y t o produc e a  partia l  solutio n 

fo r  a  simila r  proble m i n th e futur e eve n i n th e absenc e o f  enoug h informatio n t o explai n th e whol e 

problem . 

Feature Evaluation 

The use of a causal model is essential to CASEY's feature evaluation step. After producing 

th e causa l  explanatio n fo r  a  ne w case ,  C A S E Y determine s th e importan t  feature s o f  th e ne w cas e 

(thos e feature s whic h wer e use d a s evidenc e i n th e causa l  explanation )  an d increment s th e weight s 

of  thes e feature s i n th e cas e memory .  Fo r  example ,  afte r  th e cas e o f  Opra h i s solved ,  th e feature s 

ekg :  lv h an d l v card iomegal y ar e give n extr a weigh t  i n th e memor y becaus e th e causa l  mode l 

say s tha t  thes e feature s wil l  b e usefu l  i n identifyin g futur e patient s wit h L V H Y P E R T R O P H Y, 

i.e .  thes e feature s predicte d a  par t  o f  th e solution .  Determinin g th e importanc e o f  feature s b y 

experienc e i s reasonabl e becaus e th e usefulnes s o f  a  featur e canno t  alway s b e determine d i n ad -

vance .  Thi s als o allow s th e proble m solve r  t o adap t  t o change s ove r  tim e i n th e type s o f  problem s 

i s i s presented .  Givin g extr a weigh t  t o causally-relate d feature s i s reasonabl e becaus e becaus e 

causalit y ofte n indicate s whic h feature s ar e importan t  i n th e cas e fo r  matchin g [Winston ,  1981] , 

Schank ,  1986] . 

C A S EY als o identifie s th e state s i n th e causa l  explanatio n o f  th e ne w cas e tha t  ar e directl y 

linke d t o findings,  an d store s th e ne w cas e i n memor y usin g thes e state s a s indices .  Futur e case s 

tha t  contai n evidenc e t o suppor t  thes e state s wi U retriev e Oprah' s cas e a s a  match . 

Related Work 

CHEF [Hammond, 1986] combines case-based reasoning with a simple causal model. Therefore 

it s causa l  reasonin g ca n consis t  solel y o f  chainin g rule s backwar d fro m a n observe d failur e t o a 
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cause .  Thi s woul d no t  scal e u p t o a  reasonabl y size d domain .  Recen t  wor k b y Resnic k an d Davi s 

Resnic k &  Davis ,  1988 ]  combine s a  memor y o f  pas t  case s wit h explanation-base d generalizatio n 

of  a  causa l  mode l  t o produc e a  generalize d descriptio n o f  a  hardwar e fault ,  bu t  thei r  techniqu e 

require s a n exac t  matc h betwee n th e ne w proble m an d th e ol d problem .  I V Y [Hunter ,  1987] ,  lik e 

C A S E Y,  use s informatio n o f  wha t  wa s importan t  t o it s reasonin g tas k t o selec t  importan t  feature s 

of  th e proble m fo r  storage .  IVY ,  however ,  simplifie s th e selectio n proble m b y usin g heuristic s t o 

dispens e wit h mos t  o f  th e feature s presente d t o th e program . 

Othe r  system s hav e combine d reasonin g fro m a  causa l  mode l  an d associationa l  reasoning .  A B E L 

[Patil ,  1981 ]  maintaine d a  descriptio n o f  th e patien t  a t  five  level s o f  detail .  I t  di d no t  hav e a  learnin g 

component .  Th e Generate ,  Tes t  an d Debu g metho d [Simmon s &  Davis ,  1987 ]  alway s use s it s causa l 

model  t o tes t  propose d hypotheses ,  an d alway s generate s the m usin g associationa l  rules .  C A S E Y 

decide s whe n t o us e associationa l  o r  causa l  knowledge .  I t  determine s whethe r  th e ne w cas e i s 

sufficientl y simila r  t o one s i t  ha s alread y solve d t o us e th e associationally-derive d solution .  I f  not , 

i t  resort s t o causa l  reasoning . 

Discussion and Conclusions 

CASEY integrates causal and case-based reasoning techniques in a program which is efficient, 

ca n lear n fro m it s experiences ,  an d solve s commonly-see n problem s quickly ,  whil e maintainin g th e 

abilit y  t o reaso n usin g a  detaile d knowledg e o f  th e domai n whe n necessary .  Th e causa l  componen t 

i s enhance d b y th e abilit y  o f  th e case-base d componen t  t o lear n ne w association s an d compil e 

detaile d reasonin g structure s int o simpl e eissociation s betwee n feature s an d solutions .  Th e case -

base d componen t  i s improve d b y th e us e o f  a  causa l  mode l  becaus e th e mode l  ca n demonstrat e tha t 

a retrieve d solutio n wil l  b e helpfu l  fo r  a  ne w case ,  an d th e mode l  ca n b e use d t o identif y importan t 

feature s fo r  matching . 

Sinc e determinatio n o f  importan t  feature s i s base d o n informatio n i n th e causa l  model ,  i t  i s 

reasonabl e t o as k wh y th e Hear t  Failur e mode l  i s no t  simpl y "compiled "  t o produc e al l  thi s infor -

matio n i n th e for m o f  associationa l  rule s relatin g importan t  symptom s an d physiologica l  states .  I n 

fact ,  tha t  i s  exactl y wha t  C A S E Y i s doing ,  bu t  i t  i s  compilin g th e knowledg e incrementally ,  associ -

atin g feature s o f  problem s wit h solution s fo r  th e case s i t  ha s seen .  Also ,  th e Hear t  Failur e progra m 

ca n generat e solution s involvin g multipl e diagnoses ,  it s mode l  provide s th e relativ e importanc e o f 

feature s onl y fo r  singl e diagnoses .  T o compil e al l  o f  th e Hear t  Failur e program' s knowledg e takin g 

int o accoun t  multipl e diagnose s woul d b e computationall y intractable .  Becaus e C A S E Y als o make s 

generalization s abou t  patient s wh o hav e multipl e diagnoses ,  i t  ca n creat e associationa l  knowledg e 

relatin g feature s t o solution s involvin g multipl e diseases . 

CASEY ' S mos t  seriou s limitation s i s tha t  i t  assume s tha t  ther e i s ver y limite d interactio n 

betwee n entitie s i n th e underlyin g causa l  model .  Fo r  example ,  i t  ha s n o concep t  o f  tw o state s jointl y 

causin g a  third .  Thi s weaknes s i s du e t o th e fac t  tha t  n o suc h interaction s ar e represente d i n th e 

Hear t  Failur e model .  Thi s limit s th e generalit y o f  CASEY ' s reasonin g technique s t o othe r  system s 

whic h als o mak e thi s cissumption .  CASEY ' s evidenc e principle s currentl y ax e bein g extende d t o 

handl e mor e comple x interactions . 

Eve n i f  C A S E Y canno t  solv e a  ne w proble m completel y becaus e i t  lack s sufficien t  inpu t  infor -

mation ,  i t  ca n ofte n giv e a  partia l  solution .  Similarly ,  whe n C A S E Y i s give n a  proble m a t  th e 

boundar y o f  it s  expertise ,  i t  ca n produc e a  partia l  solutio n fo r  feature s tha t  ar e handle d b y it s 

causa l  model ,  an d leav e th e remainin g feature s unexplained .  Therefore ,  technique s suc h a s ar e 

use d i n C A S E Y migh t  b e usefu l  i n integratin g severa l  causa l  model s fo r  differen t  domains .  Eac h 
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model  migh t  us e thos e feature s whic h i t  coul d explain ,  leavin g th e othe r  feature s fo r  othe r  models . 

Thi s i s a  topi c fo r  futur e work . 
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