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T h e U s e o f  E x p l a n a t i o n s fo r  C o m p l e t i n g a n d Co r rec t i n g C a u s a l  M o d e l s ^ 

Joel D. Martin and Michael Redmond 

Georgi a Institut e o f  Technolog y 

E)-mail :  joel@gatech.edu ,  redmond@gatech.ed u 

Abstract 

Causal  model s describ e som e par t  o f  th e worl d t o allo w a n informatio n syste m t o perfor m 

comple x task s suc h a s diagnosis .  However ,  a s man y researcher s hav e discovered ,  suc h model s 

ar e rarel y complet e o r  consistent .  A s well ,  th e worl d ma y chang e slightly ,  makin g a  previousl y 

complet e mode l  incomplete .  A  computationa l  theor y o f  th e us e o f  causa l  model s mus t  allo w fo r 

completio n an d correctio n i n th e fac e o f  ne w evidence .  Thi s pape r  discusse s thes e issue s wit h 

respec t  t o th e evolutio n o f  a  causa l  mode l  i n a  diagnosi s task .  Th e reasoner' s goa l  i s  t o diagnos e 

a faul t  i n a  malfunctionin g automobile ,  an d i t  improve s it s diagnosti c mode l  b y comparin g i t 

wit h a n instructor's .  A  genera l  proces s mode l  i s  presente d wit h tw o implementations .  Relate d 

wor k i n explanatio n base d learnin g an d i n incorrec t  causa l  model s i s discussed . 

Keywords: Learning, Causal Models, Explanations, Diagnosis 

INTRODUCTION 

A causal model or domain theory is an essential ingredient in understanding complex sit-

uations .  Fo r  example ,  i n orde r  t o diagnos e a  faul t  i n a  comple x system ,  th e diagnosticia n 

miis t  b e capabl e o f  makin g guesse s abou t  wha t  migh t  b e wrong .  However ,  withou t  ap -

propriat e heuristi c knowledg e t o guid e an d mak e thos e guesses ,  th e correc t  hypothesi s 

m ay neve r  arise .  Althoug h man y researcher s hav e acknowledge d th e nee d fo r  suc h causa l 

model s [Kuipers ,  1984 ]  [deKlee r  &  Brown ,  1981] ,  ver y fe w hav e bee n concerne d wit h th e 

possibilit y  tha t  th e domai n theor y m a y b e incomplet e o r  inconsistent .  Thos e researcher s 

w ho hav e recognize d thi s proble m [Rajamone y &  DeJong ,  1987 ]  hav e no t  ye t  allowe d fo r 

modificatio n o f  th e underlyin g causa l  theory . 

Wit h thi s i n mind ,  Lancaste r  an d Kolodne r  [1987 ]  too k protocol s o f  th e diagnosti c 

behavio r  o f  novice ,  intermediate ,  advanced ,  an d exper t  ca r  mechanics .  The y observe d 

evidenc e fo r  a  workin g model ,  a  se t  o f  sympto m faul t  pairings ,  an d diagnosti c strategies . 

The y als o observe d [Lancaster ,  persona l  communication ]  tha t  les s experience d mechanic s 

ha d inconsisten t  an d incomplet e knowledge ,  a s on e migh t  expect .  Th e researc h presente d 

i n thi s pape r  represent s a n effor t  t o discove r  ho w a n incomplet e causa l  mode l  (novice )  ca n 

evolv e t o a  mor e complet e (experienced )  stat e a s a  resul t  o f  proble m solvin g experienc e 

couple d wit h explanation s abou t  ho w thos e problem s ar e solved . 

Our  mode l  i s implemente d i n tw o compute r  program s calle d EDSEL- 1 an d E D S E L -

2 (Explanatio n i n Diagnosis :  th e us e o f  Symptoms ,  hypotheses ,  an d Explanation s fo r 

Learning )  tha t  eac h begi n wit h a  novic e memor y an d ar e presente d wit h problem s an d 

explanation s o f  ho w t o solv e thos e problems .  Specifically ,  th e system s "watch "  o r  atten d 

t o a n instructo r  w h o i s diagnosin g a  faul t  i n a n automobile .  A s the y d o so ,  the y attemp t 

'Thi s researc h wa s supporte d b y th e Arm y Researc h Institut e fo r  th e Behaviora l  an d Socia l  Science s unde r  Contrac t 
No.  MDA-903-86-C-173 .  Th e author s wis h t o than k Jane t  Kolodne r  fo r  he r  advic e an d guidance ,  an d Mar k Grave s 
and Hon g Shin n fo r  helpfu l  comment s o n earlie r  version s o f  th e paper . 
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t o identif y missin g informatio n o f  variou s type s o r  t o identif y whethe r  ther e i s a n incon -

sistency .  I f  on e o f  thes e problem s i s discovered ,  th e system s modif y thei r  causa l  mode l  t o 

preven t  th e difficult y i n th e future .  Th e recognitio n an d modification s ar e base d upo n a n 

attemp t  b y th e system s t o explai n thei r  input . 

Th e pape r  describe s a  genera l  algorithm ,  present s th e issue s involve d i n completin g an d 

correctin g causa l  models ,  an d compare s th e tw o implementations . 

GENERAL PROCESS 

Completing and correcting a causal model requires a reasoner to recognize when it is 

missin g a  piec e o f  informatio n an d the n t o incorporat e tha t  informatio n int o th e model . 

Thi s notio n i s complicate d b y th e fac t  tha t  ther e ar e differen t  type s o f  informatio n i n th e 

model  an d tha t  existin g knowledg e affect s ho w ne w informatio n i s incorporated . 

Redmond an d Marti n [1988 ]  note d i n th e protocol s fro m Lancaste r  an d Kolodne r  [198 7 

tha t  a n instructo r  provide s th e student s wit h a  symptom ,  a  serie s o f  hypotheses ,  an d 

explanation s fo r  thos e hypotheses .  W e demonstrate d tha t  a  syste m m a y proces s thes e 

input s b y attemptin g t o buil d causa l  chain s betwee n hypothese s an d th e symptom ,  usin g 

provide d explanation s i f  n o causa l  chai n i s obvious .  I f  a  complet e chai n ca n b e built ,  i t  ca n 

be collapse d an d b e \ise d mor e efficientl y i n futur e simila r  situations .  I f  a  complet e chai n 

canno t  b e built ,  the n th e instructor' s explanatio n ca n b e helpful ,  eithe r  b y bein g adde d 

directl y t o th e causa l  model ,  o r  b y allowin g th e ga p i n th e chai n t o b e bridged .  Ou r  nam e 

fo r  thi s proces s i s Learnin g b y Understandin g Explanation s (LBUE) .  Th e causa l  mode l 

contain s frame s [Minsky ,  1975 ]  fo r  th e component s o f  a  car ,  wit h slot s fo r  inputs ,  outputs , 

connections ,  parts ,  functions ,  an d causa l  relationship s betwee n structures .  Fo r  example , 

one piec e o f  th e curren t  mode l  is : 

starter : 
(la a component ) 
(part-o f  atarting-Bystem ) 
(inpu t  electricit y batter y battery-cables ) 
(part s Btarter-pinnion-gea r  starter-motor ) 
(functio n spin-actio n starter-pinnion-gear ) 
(caus e (switch-actio n solenoi d on ) 

A starte r  i s a  component . 
I s a  par t  o f  th e startin g system . 
Electricit y fro m batter y vi a cables . 
PARTS:  pinnio n gea r  an d starte r  motor . 
FUNCTION:  spi n th e pinnio n gear . 
Solenoi d switc h cause s th e tw o gear s t o interlock . 

(interloc k starter-pinion-gea r  flywheel-ring-gear) ) 
(caus e (cran k starter-pinion-gear )  ;Crankin g on e gea r  cause s th e othe r  t o crank . 

(cran k flywheel-ring-gear) ) 

The causal chaining process uses the causal relationships and some of the related knowl-

edge .  Beside s th e causa l  mode l  o f  th e domain ,  th e L B U E approac h als o include s a  se t  o f 

likel y symptom-faul t  pairings ,  a s observe d b y Lancaste r  an d Kolodne r  [1987 ]  .  Thes e set s 

of  pairing s associat e a  s y m p t o m wit h a  problem ,  an d ar e use d t o deriv e initia l  hypothese s 

durin g diagnosis ,  an d t o inde x int o th e causa l  mode l  a t  th e appropriat e place .  T h e genera l 

algorith m fo r  th e proces s i s a s follows : 

1. From the symptom (presented by the instructor), chain backward, inferring possible findings that 

coul d lea d t o th e symptom . 

2.  Fro m eac h hypothesi s (presente d b y th e instructor) ,  chai n forward ,  inferrin g possibl e effect s tha t  coul d 

be cause d b y th e hypothesize d fault . 

3.  I f  th e sympto m chai n meet s a  hypothesi s chain ,  the n th e reasone r  ha s a n explanatio n fo r  th e hypothesis , 

and th e generalizatio n tha t  (caus e hypothesi s symptom )  i s adde d t o th e sympto m faul t  tabl e an d 

t o th e causa l  model . 
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4. If the chains do not meet - the reasoner does not have enough information to explain the hypothesis. 
I n thi s case ,  i t  use s a n explanatio n presente d b y th e instructor , 

!a |  Chai n backward s fro m th e explanatio n towar d th e hypothese s chain . 
bj  Chai n forwar d fro m th e explanatio n towar d th e sympto m chain . 
c)  I f  bot h direction s ca n b e Unked ,  the n th e mos t  genera l  relationshi p (caus e hypothesi s symptom ) 

can b e learned . 

5.  Ad d explanatio n t o th e causa l  model . 

Th e L B U E proces s result s i n a n update d causa l  model .  A s discusse d i n followin g 
section ,  th e thing s tha t  m a y b e learne d are , 

1.  ne w object s 
2.  ne w relationship s betwee n object s 
3.  ne w causa l  informatio n 
4.  ne w sympto m faul t  knowledg e 
Afte r  learning ,  diagnosi s i s mor e efficien t  an d mor e powerfu l  fo r  th e sam e o r  simila r 

problems ,  becaus e th e symptom-faul t  se t  ca n provid e mor e reasonabl e hypothese s mor e 

quickl y an d th e causa l  mode l  i s  mor e capabl e o f  verifyin g a n explanation .  I n addition ,  wha t 

th e reasone r  learn s depend s o n wha t  i t  alread y knows ,  sinc e th e reasoner' s abilit y  t o chai n 

bac k fro m th e sympto m an d forwar d fro m th e hypothesi s i s affecte d b y th e knowledg e i n 

th e causa l  model .  Thi s mean s tha t  th e chain s coul d mee t  give n on e versio n o f  th e causa l 

model ,  an d hav e a n unbridgabl e ga p give n anothe r  version . 

Th e alternativ e t o th e L B U E approac h i s simpl y t o remembe r  symptom-hypothesi s 

pairs .  However ,  thi s woul d requir e a  syste m t o hav e alread y experience d a  faul t  i n orde r 

t o diagnos e it ;  n o genera l  knowledg e i s retained . 

ISSUES FOR COMPLETING AND CORRECTING CAUSAL MODELS 

As outlined above, a good diagnostic reasoner tries to explain why an hypothesis caiises 

a symptom .  I t  i s  thi s proces s tha t  allow s fo r  th e recognitio n o f  differen t  type s o f  missin g 

information ,  an d mediate s th e additio n o f  knowledg e t o th e causa l  model .  Th e proces s 

of  explainin g hypothese s identifie s missin g informatio n tha t  migh t  b e usefu l  fo r  diagnosi s 

becaus e diagnosi s i s itsel f  explanation ,  an d henc e require s th e sam e information . 

TYPES OF MISSING KNOWLEDGE 

I n general ,  a  causa l  mode l  m a y b e missin g man y causa l  relation s necessar y fo r  diagno -

sis .  A  reasone r  wil l  recogniz e tha t  a  causa l  relationshi p i s missin g i f  a n explanatio n o f  a 

sympto m canno t  b e formed ,  eithe r  whil e watchin g a n instructo r  o r  whil e doin g diagnosis . 

As well ,  ther e ar e situation s i n whic h a n unknow n causa l  relationshi p wil l  b e presente d t o 

th e reasoner .  Bot h possibilitie s ar e simpl e t o detect ,  th e forme r  whe n causa l  chainin g fail s 

or  n o reasonabl e hypothesi s i s generated ,  an d th e latter ,  whe n th e reasone r  i s actuall y tol d 

tha t  somethin g i s missing . 

Anothe r  for m o f  knowledg e whos e absenc e i s easil y detecte d consist s o f  referred-t o facts . 

I n othe r  words ,  whe n a n objec t  o r  genera l  relationshi p betwee n object s i s asserted ,  bu t  i s 

not  known ,  the n i t  i s  missin g fro m th e model .  Somewha t  mor e interestin g ar e implie d 

facts .  Th e reasone r  guesse s i t  i s  missin g a n implie d fac t  whe n a  causa l  relationshi p i s 

state d o r  implie d b y a n instructo r  tha t  th e reasone r  believe s require s a  mediatin g fact .  Fo r 

example ,  a  reasone r  m a y know , 

(INTERLOCKED gear l  gear2 )  ft  (SPI N gear l  'clockwise )  -- > (SPI N gear 2 'c-clockwise ) 
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and a n instructo r  m a y state , 

(SPIN starter-gear 'clockvlse) --> (SPIN flywheel-ring-gear 'c-clockwlBe) 

From this, the reasoner will recognize that it is missing a fact (i.e., that the two gears are 

interlocked) . 

Th e final  typ e o f  informatio n tha t  a  reasone r  m a y b e missin g i s essentiall y  efficienc y 

information .  Th e reasone r  mus t  b e abl e t o arriv e a t  a  reasonabl e o r  correc t  hypothesi s 

quickly .  I f  i t  cannot ,  th e causa l  mode l  mus t  b e modifie d t o ensur e timel y an d correc t  diag -

nose s i n th e future .  Th e reasone r  ca n recogniz e tha t  i t  i s  missin g thi s kin d o f  informatio n 

i f  i t  arrive s a t  a n incorrec t  hypothesi s durin g diagnosi s o r  i f  it s  hypothese s diffe r  fro m th e 

instructor's . 

METHODS OF HANDLING INCOMPLETE KNOWLEDGE 

An instructor' s explanatio n o f  a  give n hypothesi s ca n lea d t o informatio n bein g adde d 

i n thre e differen t  ways .  Th e explanatio n itsel f  coul d b e a n unknow n causa l  relationshi p 

whic h ca n b e adde d t o th e mode l  directly .  Fo r  example ,  i f  th e instructo r  explaine d 

(cause (corroded battery-terminals) (not (connect battery battery-terminals))) 

and this relationship was not associated with either battery or battery-terminals in the 

causa l  model ,  the n i t  ca n b e adde d there .  A  secon d wa y tha t  th e instructor' s explanatio n 

ca n b e use d i s t o enabl e fillin g a  ga p i n a  causa l  chain .  Eithe r  th e explanatio n fille d th e 

gap ,  o r  i t  wa s a  bette r  cu e t o informatio n tha t  wa s no t  bein g accesse d i n th e causa l  model . 

I f  th e causa l  chai n tha t  ca n b e buil t  fro m th e sympto m (no t  (ru n engine) )  is : 

(not (run engine)) —> (not (spin crankshaft)) —> 
(no t  (dovrn-strok e cylinder) )  —> (no t  (combustio n cylinder) ) 

and the causal chain that can be built from the associated hypothesis (not (movable 

BUTTERFLY-valve) )  is : 

(not (movable butterfly-valve)) —> (flow air carburetor low) 

then there is a gap in the causal chain — the hypothesis is not fully explained. If the 

instructo r  provide s th e explanatio n tha t  lo w ai r  flow  int o th e carbureto r  lead s t o a  lo w 

air/ga s mixtur e a s th e ai r  passe s th e fue l  float  bow l  the n th e followin g results : 

(not (movable butterfly-valve)) —> (flow air carburetor low) --> 
(mi x ai r  ga s less )  -- > (no t  (combustio n cylinder) )  -- > 

(no t  (down-strok e cylinder) )  —> (no t  (spi n crankshaft) )  —> (no t  (ru n engine) ) 

Not only is the causal relationship given in the explanation used in filling the gap, but 

th e relationshi p tha t  (mi x ai r  ga s less )  cause s fNO T (combustio n cylinder) )  i s  accessibl e whe n 

i t  hadn' t  previousl y bee n accessible ,  sinc e th e cu e o f  carbureto r  i s  no w available .  Betwee n 

th e two ,  th e ga p ha s bee n filled. 

Th e thir d wa y i n whic h th e instructor' s explanatio n ca n b e use d i s t o infe r  a  relationshi p 

tha t  woul d fill  a  ga p i n a  caiisa l  chain .  I f  th e explanatio n doesn' t  allo w bridgin g th e ga p 

as discusse d above ,  causa l  relationship s whic h bridg e th e gap ,  whic h ar e implie d b y th e 

exper t  instructor ,  ca n b e inferred .  Th e instructo r  implie s tha t  ther e i s a  causa l  relationshi p 
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betwee n th e hypothesi s an d sympto m an d tha t  th e explanatio n lie s alon g thi s causa l  chain . 

Gaps wil l  b e filled  wit h inference s i f  ther e i s som e genera l  knowledg e tha t  indicate s a  caus e 

i s possible .  Fo r  example ,  a  cracke d wir e ca n caus e lo w electricit y becaus e (a )  wire s conduc t 

electricity ,  an d (b )  a  condui t  affect s wha t  i t  conducts .  Thi s woul d b e give n lowe r  credibilit y 

tha n othe r  learne d relationships .  Ther e m a y b e severa l  plausibl e bu t  inconsisten t  inference s 

tha t  migh t  fill  a  gap ;  th e on e chose n coul d depen d o n confirmatio n fro m a  h u m a n observer . 

Knowledg e ca n b e adde d t o a n incomplet e causa l  mode l  b y inferrin g fact s fro m a  cause . 

Thi s woul d occu r  a s a  resul t  o f  th e starter-gea r  ring-gea r  exampl e mentione d above .  I n 

thi s case ,  th e reasone r  wil l  infe r  tha t  th e starte r  gea r  an d rin g gea r  ar e interlocked . 

I n a  sense ,  inefficientl y represente d knowledg e i s a  typ e o f  incomplet e knowledge .  Th e 

informatio n tha t  i s neede d i s i n th e causa l  model ,  bu t  i s  no t  usefu l  becaus e i t  canno t  b e 

accessed ,  o r  i t  i s  give n insufficien t  credibility ,  o r  i t  lead s t o slo w processing .  Fo r  instance , 

th e explanatio n ca n allo w th e acces s o f  knowledg e tha t  couldn' t  previousl y b e accessed . 

Additionally ,  filling  a  ga p i n a  causa l  chain ,  a s discusse d above ,  i s a  wa y o f  dealin g wit h 

some inefficien t  knowledge .  Thi s allow s collapsin g th e chai n int o a  singl e causa l  relation -

ship ,  whic h ca n b e use d fo r  mor e efficien t  processing .  I n collapsin g th e chains ,  th e L B U E 

metho d ha s som e similaritie s t o Explanation-Base d Learnin g (EEL )  [Mitchell ,  Kellar ,  & 

Kedar-Cabelli ,  1986 ]  [DeJon g &  Mooney ,  1986] .  I n orde r  t o allo w fo r  prope r  generalizatio n 

of  variable s [DeJon g &  Mooney ,  1986] ,  a  substitutio n lis t  i s  kep t  tha t  indicate s t o wha t 

categorie s eac h featur e i n th e exampl e wa s matche d i n orde r  t o instantiat e th e causa l  re -

lationships .  Th e collapse d chai n the n use s th e mos t  genera l  categor y fo r  a  featur e a s th e 

variabl e nam e i n th e anteceden t  o r  consequen t  o f  th e ne w causa l  relationship . 

INCONSISTENT KNOWLEDGE 

Sinc e ne w informatio n i s bein g adde d t o th e causa l  model ,  ther e i s a  possibilit y  tha t  a 

contradictio n m a y occur .  A  fe w type s o f  contradictio n ar e possible .  I n on e case ,  th e sam e 

conditio n coul d b e believe d t o caus e contradictor y effect s suc h as : 

(corroded battery-terminals) —> (connect battery battery-terminals) 
it  (corrode d battery-terminals )  -- > (no t  (connec t  batter y battery-terminals) ) 

Alternatively, a chain might be possible from known information, such that a condition 

indirectl y cause s a  contradictio n o f  th e condition . 

Contradiction s m a y no t  b e detecte d immediately ,  though ,  becaus e th e causa l  informa -

tio n i s distribute d throughou t  th e causa l  model ,  an d becaus e a n arbitrar y amoun t  o f  causa l 

chainin g m a y b e necessar y t o detec t  th e contradiction . 

I n case s wher e th e ne w inpu t  i s foun d t o b e inconsistent ,  th e sourc e o f  th e informatio n 

ca n b e \ise d t o decid e wha t  t o believe .  Knowledg e fro m th e exper t  i s  give n precedenc e 

ove r  olde r  information .  Informatio n tha t  contradict s th e exper t  i s  eithe r  remove d o r  it s 

strengt h i s decreased ,  dependin g upo n implementation . 

IMPLEMENTATIONS 

Implementation of the general model described above has followed two parallel paths. 

Thi s decisio n wa s mad e becaus e th e researc h i s exploratory ,  an d therefor e shoul d generat e 

severa l  alternativ e approache s t o th e problem ,  an d highligh t  diff"eren t  inconsistencie s an d 

difficultie s wit h th e model . 
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EDSEL-1 i s base d upo n a  simpl e activ e semanti c net ,  simila r  t o loca l  connectionis t 

model s suc h a s McClellan d an d Rumelhart' s  [1981 ]  interactiv e activatio n model .  E D S E L -

2 use s a n enhance d versio n o f  th e causa l  mode l  describe d i n Alliso n [1987 ]  ,  Althoug h th e 

proces s i n bot h implementation s closel y follow s th e genera l  mode l  presente d above ,  ther e 

ar e tw o significan t  differences .  First ,  whe n a  causa l  ga p i s presen t  bu t  n o explanatio n fill s 

tha t  gap ,  EDSEL- 1 use s generi c knowledg e abou t  wha t  affect s what ,  wherea s EDSEL- 2 

uses a  les s genera l  bu t  fa r  simple r  notio n o f  filling  gap s betwee n recentl y propose d forwar d 

chain s fro m hypothese s an d backwar d chain s fro m th e symptom .  Th e first  metho d i s 

a mor e flexible  metri c fo r  evaluatin g whethe r  a  give n causa l  ga p shoul d b e filled,  an d 

therefor e shoul d lea d t o mor e reliabl e causa l  relationships .  Th e secon d differenc e involve s 

wher e causa l  informatio n i s store d an d ho w i t  ca n b e accessed .  EDSEL- 1 doe s no t  addres s 

th e issu e o f  limite d availabilit y  o f  causa l  relationships ,  wherea s EDSEL- 2 allow s th e mor e 

realisti c situatio n i n whic h cause s ar e no t  maximall y indexe d whe n the y ente r  th e system . 

Tha t  is ,  the y ma y no t  necessaril y  b e retrieve d whe n neede d unles s th e prope r  cue s ar e 

present .  Thi s i s a  mor e realisti c an d efficien t  approac h fo r  a  syste m wit h a  ver y larg e 

memory. 

RELATED WORK 

Rajamoney and DeJong [1987] has specifically addressed the problem of inconsistencies or 

missin g informatio n i n a  causa l  mode l  fo r  simulation .  I f  mor e tha n on e simulatio n i s possi -

ble ,  hi s syste m wil l  experimentall y searc h fo r  disambiguatin g feature s i n th e environment . 

Althoug h thi s approac h i s cleari y useful ,  i t  doe s no t  allo w fo r  modificatio n o f  th e genera l 

causa l  informatio n i n th e model .  I t  concentrate s o n quantitativ e value s fo r  th e curren t 

situation ,  an d doe s no t  lear n an y genera l  knowledge . 

As ha s alread y bee n noted ,  i n orde r  t o updat e causa l  models ,  th e curren t  effor t  use s 

an explanatio n base d techniqu e tha t  i s i n som e way s simila r  t o thos e o f  DeJon g an d 

Mooney [1986 ]  an d Mitchel l  e t  al .  [1986 ]  .  Specifically ,  i n diagnosis ,  a  causa l  chai n mus t 

be discovere d i n a  potentiall y  ver y larg e networ k o f  causa l  information .  E B L ca n b e 

profitabl y use d t o permi t  instructio n t o produc e "shor t  cuts "  i n tha t  network . 

Classica l  E B L ,  however ,  doe s no t  produc e enoug h learnin g whe n th e causa l  networ k i s 

incomplete .  Thi s ma y b e remedie d b y th e learnin g b y failin g t o explai n (LBFE )  [Hall ,  198 6 

techniqu e o f  isolatin g th e informatio n tha t  i s presen t  i n th e inpu t  bu t  i s no t  understood , 

and subsequentl y addin g i t  t o th e existin g E B L system .  Althoug h th e curren t  mode l  ha s 

not  ye t  bee n describe d i n exactl y thes e terms ,  i t  i s  i n fac t  a n exampl e o f  L B F E .  I t  differ s 

fro m Hall' s  wor k b y proposin g tha t  th e informatio n tha t  mus t  b e adde d i n th e absenc e 

of  a n explanatio n i s no t  necessaril y  explicitl y  represente d i n th e input .  Also ,  th e curren t 

effor t  present s a  domai n independen t  notio n o f  L B F E tha t  describe s ho w potentiall y  an y 

diagnosti c causa l  ne t  migh t  grow ,  wherea s Hall' s  effor t  was ,  i n hi s ow n view ,  domai n 

specific . 

One o f  th e method s tha t  i s use d t o augmen t  incomplet e network s i n th e curren t  ap -

proac h i s t o us e relationship s tha t  ar e mor e genera l  tha n cause s i n orde r  t o infe r  causation . 

For  example ,  a n actio n an d a  stat e chang e tha t  relat e t o th e sam e objec t  ten d t o b e causall y 

related .  Thi s techniqu e wa s originall y use d b y Pazzan i  [1987 ]  an d a  simila r  approac h wa s 

suggeste d b y Russel l  [198 7 
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C O N C L U S I O NS A N D F U T U R E D I R E C T I O N S 

This paper has discussed the LBUE paradigm for dealing with an inconiplete or inconsistent 

causa l  mode l  i n th e trainin g o f  ca r  mechanics .  Th e mai n contributio n o f  th e curren t  effor t 

i s  i n th e abilit y  t o accep t  ne w knowledg e an d incorporat e i t  int o th e causa l  model ,  whil e 

usin g i t  t o understan d a n explanatio n an d for m a  ne w generalization . 

Ther e ar e severa l  direction s fo r  futur e research .  First ,  i n diagnosis ,  causa l  chainin g 

i s no t  th e onl y strateg y used ,  thoug h i t  wa s th e mos t  c o m m o n i n th e protocols .  Th e 

explanation s use d b y th e instructo r  reflec t  severa l  differen t  strategies .  Fo r  thi s reason ,  an d 

t o allo w strategie s t o b e learne d an d improved ,  diagnosti c strategie s mus t  b e explicitl y 

represented .  Som e initia l  wor k ha s bee n don e o n thi s representation . 

Second ,  bette r  representatio n o f  th e causa l  knowledg e i s neede d t o tak e ful l  advantag e 

of  th e inferencin g possibl e fro m qualitativ e models .  Th e ai m i s t o us e mor e level s o f 

abstractio n t o allo w reasonin g a t  whateve r  leve l  m a y b e appropriate .  Third ,  mor e learnin g 

m ay b e possibl e i n thi s paradig m i f  Case-Base d Reasonin g [Kolodne r  &  Simpson ,  1984] ,  a 

metho d o f  usin g previou s episode s an d evaluatio n o f  thei r  result s t o sugges t  solution s t o 

ne w problems ,  coul d b e integrated . 
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