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A n Experimen t  t o Determin e Improvement s i n Automate d Proble m Solvin g i n a 

Comple x Proble m Domai n 

M.  Va n Dyn e 
Dept .  o f  Electrica l  Engr .  an d Compute r  Scienc e 

Universit y o f  Kansas ,  Lawrence ,  K S 6604 5 

v a n d y n e Q e e c s . u k a n s . e d u 

C.  Tsatsouli s 

Dept .  o f  Electrica l  Engr .  an d Compute r  Scienc e 

Universit y o f  Kansas ,  Lawrence ,  K S 6604 5 

t s a t s o u l @ e e c s . u k a n s . e d u 

Abstrac t 

A previousl y constructe d prototyp e exper t  syste m wa s extende d 
t o includ e case-base d reasoning/learning ,  i n orde r  t o deter -
min e i f  th e automate d proble m solvin g behavio r  coul d b e im -
proved .  Th e initia l  exper t  syste m wa s develope d b y usin g a n 
inductiv e machin e learnin g techniqu e o n 9,44 5 dat a record s 
of  pregnan t  women ,  providin g productio n rule s t o predic t  pre -
ter m delivery .  It s predictiv e accurac y wa s teste d o n a  separat e 
set  o f  9,44 5 dat a records .  Next ,  th e capabilit y  t o reaso n fro m 
bot h productio n rule s an d inpu t  tes t  case s wa s adde d t o th e 
system ,  i n additio n t o th e capabilit y  t o internall y modif y it s 
confidenc e i n eac h piec e o f  knowledg e (rul e o r  case )  an d th e 
relativ e importanc e o f  patien t  attribute s whic h appea r  t o b e 
predictiv e o f  preter m delivery .  Th e syste m wa s structure d suc h 
tha t  th e accurac y o f  eithe r  typ e o f  reasonin g coul d b e mea -
sure d individuall y t o determin e ho w rule-base d an d case-base d 
reasonin g perfor m alone ,  an d t o determin e ho w the y perfor m 
together .  Result s sho w tha t  th e predictiv e accurac y o f  th e sys -
te m wa s improved ,  wit h differen t  trend s emerging ,  dependen t 
on th e bia s o f  th e learnin g data .  Neithe r  syste m performe d a s 
wel l  alon e a s di d bot h together . 

In t roduct io n 

The curren t  investigatio n focuse s o n studyin g th e proble m 
solvin g performanc e o f  induce d rule s versu s cas e base d rea -

sonin g i n th e comple x proble m domai n o f  predictin g pre -

ter m deliver y i n pregnan t  women .  Th e predictiv e performanc e 
of  rule s alon e wa s tested ,  the n case s alone ,  an d finall y a  com -
binatio n o f  bot h rule s an d cases .  Proble m solvin g perfc«manc e 

i n eac h circumstanc e wa s measure d an d th e condition s un -
der  whic h differen t  type s o f  reasonin g performe d bette r  wa s 

established . 

Problem Domain 

Pregnancy  i s considere d fullter m a t  4 0 week s gestation ,  how -

ever ,  3 7 week s i s generall y use d a s th e criterio n t o determin e 
whethe r  a  deliver y i s preter m o r  not .  Accurat e identificatio n 
of  pregnan t  w o m e n w h o ar e high-ris k fo r  preter m birt h i s 
importan t  i n determinin g whic h w o m e n wil l  benefi t  fro m in -
tervention s designe d t o prolon g gestation .  Prolongin g gesta -
tio n ca n resul t  i n significan t  improvement s i n infan t  surviva l 

and reduce d cost s o f  neonata l  intensiv e car e (McLean , 
Walters ,  &  Smith .  1993) . 

What  make s th e proble m domai n comple x i s tha t  i t  i s no t 

clea r  wha t  symptom s m a y b e predictiv e o f  preter m delivery , 

and consequently ,  durin g th e cours e o f  prenata l  care ,  hun -

dred s o f  d2U a item s m a y b e collected .  Furthermore ,  differen t 
dat a i s collecte d a t  differen t  facilities .  Fro m al l  thi s data ,  th e 

healthcar e provide r  mus t  mak e decision s concernin g preter m 

birt h risk,  an d an y plan s fo r  interventio n (NI H Guide ,  1992) . 

Currentl y use d manua l  screenin g tool s hav e bee n estimate d 

t o b e betwee n 1 7 -  3 8 % predictiv e i n determinin g preter m 

risk  (McLean ,  Walters ,  &  Smith ,  1993) . 

Prototype Expert System 

A prototyp e exper t  syste m wa s buil t  i n a  previou s effor t  (Va n 

Dyne ,  et.al. .  1994 ;  Woolery ,  et.al. ,  1994 )  whic h use d pro -

ductio n rule s generate d b y a n inductiv e machin e learnin g 
technique .  L E R S (Grzymala-Busse ,  1988 ;  1989 ;  1991) ,  i n 
orde r  t o generat e a  knowledg e base .  A  retrospectiv e sampl e 
of  high  risk  pregnan t  w o m e n wa s obtaine d fro m thre e data -

base s containin g 18,89 0 subject s fro m on e loca l  an d tw o 

nationa l  sources .  Th e database s wer e spli t  int o tw o equa l 
halves ,  an d on e hal f  o f  eac h databas e wa s use d t o generat e 

productio n rule s whil e th e othe r  hal f  wa s use d t o tes t  th e 
accurac y o f  th e prototyp e exper t  system .  Accurac y wa s mea -
sure d a s th e percentag e o f  time s th e prototype' s predicte d 

outcom e matche d th e actua l  patien t  outcome . 
Each o f  th e thre e database s contain s a  different ,  althoug h 

overl£ )̂ping ,  se t  o f  attribute s fo r  patients .  Th e attribute s firo m 
eac h databas e wer e combine d int o a  singl e patien t  objec t  s o 
tha t  rule s generate d fro m an y o f  th e learnin g database s coul d 
be ru n o n example s fro m an y o f  th e tes t  databases .  Becaus e 

of  poo r  predictiv e performanc e o f  rule s generate d firo m th e 

thir d database ,  onl y rule s generate d fro m th e firs t  tw o data -

base s wer e include d i n th e prototyp e exper t  system .  Thi s re -
sulte d i n 52 0 rule s i n th e prototyp e system .  Usin g measure -
ment s o f  rul e an d rul e bas e effectivenes s generate d b y L E R S , 
i n additio n t o informatio n o n h o w m a n y example s wer e use d 
t o lear n th e rule ,  a  prioritizatio n scheme ,  wa s develope d fo r 

eac h rul e i n th e system . 

Current Investigation 

The motivatio n fo r  th e curren t  investigatio n i s tha t  th e proto -

typ e exper t  syste m i s static ;  tha t  is ,  wheneve r  a  ne w patien t 

recor d i s entered ,  th e predictio n proces s wil l  alway s follo w 

th e sam e reasoning ,  eve n i f  tha t  recor d ha s bee n entere d be -
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for e an d th e predictio n wa s incorrect .  Unlik e huma n perfor -

mance,  n o learnin g take s place .  I f  th e predictiv e accurac y o f 

th e rul e bas e wa s perfect ,  thi s woul d no t  b e a  concern ,  bu t 

th e accurac y o f  th e exper t  syste m range s onl y from  5 1 -  8 8 % 
correct .  Thi s  i s a n improvemen t  ove r  curren t  manua l  ris k as -

sessmen t  techniques ,  bu t  th e questio n arises ,  ca n th e syste m 

lear n from  it s mistakes ,  an d improv e upo n it s predictiv e ac -

curacy . 

I n usin g a  cas e base d approac h i n thi s situation ,  th e exist -

in g rul e bas e ca n b e viewe d a s domai n knowledge ,  albeit , 

fault y domai n knowledge .  Eac h rul e ca n als o b e though t  o f 

as a  generalized ,  o r  abstracted ,  cas e becaus e i t  wa s gener -

ate d inductivel y from a  se t  o f  actua l  examples .  Sinc e eac h 

rul e i n th e syste m alread y ha s a  confidenc e associate d wit h 

it ,  an d th e syste m wil l  us e th e rul e wit h th e highes t  confi -

denc e tha t  applie s i n a  give n situation ,  th e confidenc e i n tha t 

rul e ca n b e modifie d accordin g t o it s succes s o r  failur e o n a 

case .  Furthermore ,  case s ca n b e adde d t o th e syste m t o begi n 

t o fil l  i n area s wher e th e rul e bas e i s lacking .  Eac h cas e m a y 

be though t  o f  a s a  specifi c  rul e wit h value s provide d fo r  eac h 

attribut e i n th e antecedent . 

Unlik e a  rule ,  however ,  th e attribute/valu e pair s i n a n in -

put  cas e d o no t  hav e t o exactl y matc h th e attribute/valu e pair s 

i n a  case .  I n a  rule ,  al l  anteceden t  attribut e valu e pair s mus t 

matc h befor e th e rul e become s eligibl e t o fire .  Th e sam e con -

fidence  ratin g schem e use d fo r  th e rule s ca n als o b e use d fo r 

th e cases .  Furthermore ,  a s attribute s ten d t o becom e associ -

ate d mor e wit h th e succes s o r  failur e o f  a  prediction ,  th e 

strengt h o r  predictiv e importanc e o f  thes e attribute s ca n b e 
modifie d s o tha t  futur e cas e matche s pa y mor e attentio n t o 

thos e attribute s tha t  ar e mor e predictive . 

Hybrid System Operation and Architecture 

On startin g th e system ,  th e use r  i s allowe d t o choos e th e da -

tabas e from  whic h t o selec t  records ,  an d th e numbe r  o f  record s 

t o b e run .  Dependin g o n th e databas e specifie d b y th e user , 

one o r  mor e databas e record s i s rea d int o th e syste m from 

on e o f  thre e databases .  Sinc e eac h recor d structur e i s differ -

ent ,  th e first  thin g th e syste m doe s i s m a p th e attribute s an d 

thei r  value s int o a  composit e recor d structure .  Th e attribute / 

valu e pair s i n thi s recor d structur e ar e use d t o matc h pas t 

case s i n th e syste m (i f  any )  an d t o determin e th e rul e wit h 

th e highes t  confidenc e associate d v«t h it . 

As record s ar e entere d int o th e system ,  the y ar e adde d a s 

case s t o th e cas e bas e wit h a  confidenc e leve l  jus t  belo w tha t 

of  th e averag e rule .  Th e syste m make s a n outcom e predic -

tio n usin g bot h th e bes t  matche d cas e an d th e highes t  confi -

denc e rule .  Th e piec e o f  knowledg e (rul e o r  case )  tha t  ha s 

th e highe r  confidenc e leve l  i s  chose n fo r  th e overal l  syste m 

prediction ,  bu t  predictiv e succes s o f  eac h candidat e piec e o f 

knowledg e i s als o measure d s o tha t  comparison s betwee n 

th e technique s ca n b e made .  I f  th e piec e o f  knowledg e faile d 

t o predic t  correctly ,  it s  confidenc e i s decremented ,  an d i f 

successful ,  it s confidenc e i s incremented ,  i n a  schem e con -

sisten t  wit h th e initia l  confidenc e ratin g o f  th e rules . 

The attribute s o r  feature s use d i n makin g th e predictio n 

ar e als o evaluated .  Eac h tim e a  featur e valu e matche s i n suc -

cessfull y predictin g a n outcome ,  it s weigh t  i s incremented , 

and eac h tim e i t  matches ,  bu t  i s unsuccessful ,  it s  weigh t  i s 
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decremented .  Feature s use d b y bot h rule s an d case s ar e treate d 

i n th e sam e manner .  Th e intentio n behin d thi s schem e i s t o 

begi n t o weigh t  eac h attribut e accordin g t o it s predictiv e valu e 

of  th e outcome ,  an d thu s allo w th e syste m t o buil d a n index -

in g schem e a s it s experienc e increases .  Cas e matchin g i s don e 

by determinin g whic h features  o f  th e inpu t  cas e hav e th e sam e 

valu e a s feature s o f  case s i n th e cas e base ,  an d producin g a 
matc h scor e accordin g t o th e weigh t  o f  eac h matchin g fea -

ture .  Presumably ,  then ,  cas e matche s wil l  becom e mor e ap -

propriat e a s predictiv e feature s ar e weighte d mor e strongl y 

tha n i f  a  simpl e featur e coun t  matc h i s used . 

Figur e 1  show s th e conceptua l  desig n o f  th e experimenta l 

hybri d reasonin g system . 

Case Base 

The structur e o f  th e cas e bas e i n thi s syste m i s flat ;  tha t  is ,  n o 

generalizatio n o r  abstractio n o f  case s i s performed .  Th e com -

posit e objec t  structur e int o whic h th e inpu t  recor d wa s mappe d 

i s th e sam e structur e use d t o stor e cases .  Ther e ar e 4 8 at -
tribute s i n th e object ,  an d 7  o f  thes e allo w multipl e values . 
Also ,  a n inpu t  recor d wal l  no t  hav e value s t o fill  al l  o f  th e 

attributes ,  o r  objec t  slots ,  sinc e th e structur e embodie s dif -

feren t  attribute s fro m differen t  databases . 

Case Retrieval 

Cases ar e chose n accordin g t o th e bes t  matc h scor e betwee n 

th e inpu t  recor d an d case s i n th e cas e base .  Ever y cas e i n th e 

cas e bas e i s considere d eac h tim e a  ne w cas e i s entered .  Th e 

best  matc h scor e i s determine d b y th e niunbe r  o f  featur e val -

ues i n a  cas e tha t  matc h th e inpu t  recor d values ,  an d th e weigh t 
of  thos e features .  Therefore ,  i f  a  fe w "important "  feature s 
match ,  i t  wil l  b e considere d t o b e a  bette r  matc h tha n i f  man y 
"unimportant "  feature s match .  Becaus e th e differen t  data -

base s includ e differen t  attributes ,  attribute s i n eithe r  th e cas e 
or  th e inpu t  recor d m a y no t  hav e values ,  an d th e cas e match -

in g proceed s despit e thes e missin g values . 

Indexing 

The variabl e weightin g o f  feature s dependin g o n thei r  asso -

ciatio n with  successfu l  prediction s ca n b e viewe d a s build -

in g indice s ove r  time .  However ,  al l  feature s ar e stil l  consid -
ere d i n th e matchin g process ,  s o tha t  th e featur e weightin g 

ca n b e continuall y refined . 

Learning 

Ther e ar e thre e area s i n whic h th e syste m learn s t o improv e 
it s ow n performance .  Th e first  o f  thes e i s modificatio n o f 
rul e confidenc e dependin g o n th e succes s o r  failur e o f  a  rul e 
i n a  give n case .  Th e secon d i s th e modificatio n o f  cas e confi -
dence ,  agai n dependin g o n i t  predictiv e success .  Thes e tw o 

type s o f  learnin g occu r  wheneve r  a  rul e o r  cas e i s consid -
ered ,  no t  jus t  w h e n th e actua l  predictio n fro m tha t  rul e o r 

cas e i s use d a s th e syste m prediction .  Th e thir d are a o f  learn -

in g i s discriminatin g th e mor e importan t  o r  predictiv e fea -

ture s fro m th e les s importan t  feature s s o tha t  mor e appropri -

at e cas e matche s ca n b e m a d e a s th e system' s experienc e 

leve l  increases . 

Procedure 

Test s wer e ru n usin g bot h th e origina l  exper t  syste m proto -

typ e an d th e curren t  hybri d syste m t o determin e difference s 

i n proble m solvin g performance .  Becaus e eac h databas e rep -

resent s a  differen t  population ,  th e system s wer e teste d sepa -

ratel y o n 30 0 record s fro m eac h o f  th e thre e tes t  databases . 

Result s o f  th e exper t  syste m wer e first  recorded ,  the n result s 

of  runnin g th e hybri d syste m wer e recorde d a s rule s only , 

case s only ,  an d th e combinatio n o f  rule s an d cases . 

Abou t  2/ 3 o f  th e rule s i n th e exper t  syste m originat e fro m 

th e firs t  database .  I t  represent s a  loca l  populatio n a t  highe r 

risk  fo r  preter m deliver y tha n th e genera l  populatio n becaus e 

i t  operate s a s a  referra l  cente r  fo r  patient s experiencin g prob -

lem s i n pregnanc y (no t  necessaril y  preter m deliver y prob -

lems) .  Th e percentag e o f  w o m e n w h o delive r  preter m i n thi s 
populatio n i s approximatel y 2 5 % .  T h e secon d se t  o f  dat a 

originate d fro m a  h o m e uterin e monitorin g company ,  an d 

th e additiona l  1/ 3 o f  th e rule s i n th e syste m wer e induce d 

fro m it .  Thi s dat a represent s a  nationwid e sampl e o f  ver y 

hig h risk  w o m e n ,  a s onl y hig h risk  patient s (al l  preter m de -

livery )  ar e referre d fo r  thi s service .  Th e populatio n repre -
sente d i n thi s dat a deliver s preter m approximatel y 7 3 % o f 

th e time .  Th e final  databas e wa s provide d b y anothe r  h o m e 

uterin e monitorin g company .  Again ,  th e populatio n i s con -

sidere d ver y hig h risk  fo r  preter m delivery ,  althoug h th e pre -

ter m deliver y rat e i s lowe r  tha n th e previou s database ;  ap -
proximatel y 6 6 % o f  th e patient s delive r  preter m i n thi s popu -
lation . 

Fals e positiv e an d fals e negativ e prediction s wer e mea -
sure d i n additio n t o overal l  syste m predictiv e accurac y t o 
determin e whic h proble m solvin g metho d performe d bette r 

unde r  eac h condition .  Fals e positiv e prediction s occu r  whe n 
th e prototyp e syste m predict s preter m deliver y an d th e pa -

tien t  actuall y delivere d fullterm .  Fals e negativ e prediction s 
occu r  whe n th e prototyp e syste m predict s fullter m deliver y 

and th e patien t  actuall y delivere d preterm . 

Results 

The firs t  tes t  conditio n wa s wit h th e prototyp e exper t  sys -
tem ,  usin g onl y rule s a s a  mean s o f  prediction .  Thes e result s 

establis h th e baselin e accurac y t o b e exceede d b y th e hybri d 
system . 
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Tabl e 1 :  Prototyp e exper t  system ;  databas e 1 Tabl e 4 :  Rule-onl y vs .  cas e onl y performance ;  databas e 1 

Overal l 

Fullten n 

Preter m 

Tabl 

Overal l 

Fullter m 

Preter m 

Number 
of  Case s 

300 

255 

45 

Correc t 

274(91% ) 

242 (94% ) 

32(71% ) 

Mis -
classifie d 

25(8% ) 

12(4% ) 

13(28% ) 

Un-
classifie d 

1(0%) 

1(0%) 

0(0%) 

e 2 :  Prototyp e exper t  system ;  databas e 2 

Number 
of  Case s 

300 

87 

213 

Correc t 

180(60% ) 

48 (55% ) 

132(61% ) 

Mis -
classifie d 

107(35% ) 

37 (42% ) 

70 (32% ) 

Un-
classirie d 

13(4% ) 

2(2%) 

11(5% ) 

Tabl e 3 :  Prototyp e exper t  system ;  databas e 3 

Overal l 

Fullter m 

Preter m 

Number 
of  Case s 

300 

191 

109 

Correc t 

149(49% ) 

102(53% ) 

47 (43% ) 

Mis -
classifie d 

91 (30% ) 

45(23% ) 

46 (42% ) 

Un-
classifie d 

60 (20% ) 

44 (23% ) 

16(14% ) 

I n al l  thre e databases ,  th e prototyp e exper t  syste m accu -

rac y i s bette r  tha n th e performanc e o f  manua l  ris k scorin g 

techniques .  O f  particula r  interes t  i s  th e performanc e o f  th e 

exper t  syste m o n th e thir d database .  Becaus e o f  th e poo r  pre -

dictiv e performanc e o f  rule s originall y induce d from  thi s data , 

thos e rule s wer e no t  include d i n th e exper t  system .  Never -

theless ,  th e rule s generate d from  th e othe r  tw o database s wer e 
abl e t o provid e bette r  accurac y o n thi s dat a tha n manua l  tech -

nique s provide . 
Th e nex t  se t  o f  result s ar e from  runnin g th e hybri d system , 

measurin g th e predictiv e result s o f  rule s onl y an d case s only . 

Not e tha t  th e accurac y rate s o f  rul e performanc e i s expecte d 

t o diffe r  from  th e prototyp e exper t  syste m becaus e th e hy -

bri d syste m modifie s rul e confidence ,  thu s influencin g whic h 

rule s wil l  fire  fo r  a  give n record . 

Rule s Onl y 

Cases Onl y 

Correc t 

274(91% ) 

240 (80% ) 

Fullter m 
Misclassifie d 

4(2% ) 

35(14% ) 

Preter m 
Misclassifie d 

22(49% ) 

25 (56% ) 

Tabl e 5 ;  Rule-onl y vs .  cas e onl y performance ;  databas e 2 

Rule s Onl y 

Cases Onl y 

Correc t 

192(64% ) 

199(66% ) 

Fullter m 
Misclassifie d 

52 (60% ) 

70 (80% ) 

Preter m 
Misclassifie d 

56(26% ) 

31 (15% ) 

Tabl e 6 :  Rule-onl y vs .  cas e onl y performance ;  databas e 3 

Rule s Onl y 

Cases Onl y 

Correc t 

183(61% ) 

197(66% ) 

Fullter m 
Misclassifie d 

63 (33% ) 

40(21% ) 

Preter m 
Misclassifie d 

54(50% ) 

63(58% ) 

I n al l  thre e databas e tests ,  th e rul e performanc e me t  o r 

exceede d it s origina l  accuracy .  Thi s increas e i n accurac y ca n 

onl y b e du e t o th e dynami c confidenc e modificatio n o f  eac h 

rul e base d o n it s predictiv e success .  Th e proportio n o f  incor -

rec t  prediction s betwee n fals e positive s an d fals e negative s 

di d no t  remai n th e same ,  however .  I n general ,  predictiv e ac -

curac y increase d fo r  th e majorit y portio n o f  th e databas e 

population ;  fo r  example ,  ther e wer e mor e ftillterm  tha n pre -

ter m record s i n th e first  database ,  an d th e numbe r  o f  incor -

rec t  prediction s i n thi s categor y decreased ,  a t  th e expens e o f 

predictiv e accurac y fo r  preter m records .  Thi s tren d wa s re -

verse d i n th e secon d database ,  wher e th e populatio n wa s rep -

resente d b y mor e preter m tha n ftillterm  patients ,  an d accu -

rac y improve d i n bot h categorie s i n th e thir d database . 

Case onl y performanc e wa s no t  a s goo d a s rul e onl y per -

formanc e i n th e first  database ,  wher e th e predictiv e accurac y 
from  rule s wa s afread y ver y high .  I n bot h th e secon d an d 

thir d databases ,  however ,  cas e onl y performanc e exceede d 

tha t  o f  rul e onl y performance .  Performanc e b y categor y ech -

oed th e populatio n distribution ,  a s i t  di d wit h th e rule-onl y 

condition .  Not e tha t  th e rul e conditio n wa s no t  alway s ca -

pabl e o f  providin g a  predictio n fo r  a  give n record ,  an d thes e 

ar e liste d a s "unclassified "  i n th e prototyp e syste m result s 

table .  Case s wer e alway s abl e t o provid e a  prediction ,  s o ther e 

wer e n o unclassifie d records .  Fo r  compariso n t o cas e perfor -

mance,  unclassifie d an d misclassifie d record s ar e include d 

togethe r  i n th e rul e onl y condition . 
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Finally ,  hybri d syste m result s i n whic h th e syste m itsel f 

decide d whethe r  t o us e a  cas e o r  a  rul e a s th e basi s fo r  pre -
dictio n ar e show n below . 

Table 7: Hybrid reasoning system; database I 

Overal l 

Fulltem i 

Pretemt i 

Number 
of  Case s 

300 

255 

45 

Correc t 

275(91% ) 

251 (98% ) 

24(53% ) 

Mis -
classine d 

25 (8% ) 

4(1%) 

21 (46% ) 

Un-
classifie d 

0(0%) 

0(0%) 

0(0%) 

Tabl e 8 :  Hybri d reasonin g system ;  databas e 2 

Overal l 

Fullter m 

Pretem n 

Number 
of  Case s 

300 

87 

213 

Correc t 

212(70% ) 

35 (40% ) 

177(83% ) 

Mis -
classifie d 

88 (29% ) 

52 (59% ) 

36(16% ) 

Un-
classifie d 

0(0%) 

0(0%) 

0(0%) 

Tabl e 9 :  Hybri d reasonin g system ;  databas e 3 

Overal l 

Fullter m 

Preter m 

Number 
of  Case s 

300 

191 

109 

Correc t 

215(71% ) 

167(87% ) 

48(44% ) 

Mis -
classifie d 

85 (28% ) 

24(12% ) 

61 (55% ) 

Un-
classifie d 

0(0%) 

0(0%) 

0(0%) 

Fro m thes e results ,  i t  i s apparen t  tha t  usin g a  combinatio n 

of  bot h rule s an d case s increase d syste m accurac y ove r  usin g 

eithe r  on e individually ,  an d ove r  usin g th e origina l  prototyp e 

exper t  system .  I n th e first  database ,  onl y on e additiona l  cas e 
was correctl y predicted ,  bu t  i n th e secon d database ,  th e hy -

bri d reasonin g syste m performe d 1 0 percentag e point s bette r 
tha n di d th e exper t  system .  Furthermore ,  whil e i n bot h runs , 

th e predictiv e performanc e wa s bette r  o n preter m deliveries , 
i t  i s  muc h bette r  i n th e hybri d system .  Th e hybri d syste m 

produce d n o unclassifie d predictions .  O n th e thir d database , 
th e hybri d reasonin g syste m agai n outperforme d th e exper t 

system ,  thi s tim e b y 2 2 percentag e points .  Not e tha t  th e 
sampl e o f  dat a use d fo r  testin g i n thi s cas e containe d mor e 
fiill  ter m example s tha n preterm ,  althoug h th e overal l  popu -

latio n i n thi s databas e ha s th e revers e bias .  Interestingl y 
enough ,  th e hybri d syste m ha d a n overal l  accurac y rat e o n 

thi s databas e tha t  wa s highe r  tha n th e accurac y rat e o n th e 

secon d database .  Th e performanc e o f  th e hybri d reasonin g 
syste m o n thi s dat a m a y b e explaine d b y th e fac t  tha t  th e 

exper t  syste m rule s wer e no t  generate d fro m thi s database , 

therefore ,  th e case s provide d a  bette r  sourc e o f  predictio n 

tha n di d th e rules . 

Conclusions 

The mos t  prominen t  resul t  o f  thi s experimen t  i s tha t  usin g 

case s ca n improv e proble m solvin g performanc e ove r  th e us e 

of  rules .  Thi s wa s eviden t  i n bot h th e cases-onl y conditio n 

and th e hybri d syste m condition .  I n a  stud y o f  h o w people 

use analogue s t o m a k e decisions ,  Klei n an d Calderwoo d 

(1988 )  reporte d tha t  peopl e foun d specifi c  instance s t o b e 

mor e helpfii l  tha n generalize d knowledge .  Perhap s thi s i s 
becaus e th e specificit y o f  a  cas e ca n matc h th e ciuren t  situa -

tio n better ,  an d thu s decisio n makin g ca n b e mor e accurate , 

providin g on e explanatio n fo r  th e improvemen t  i n perfor -

mance aft;e r  cas e inclusion .  I n he r  summar y o f  a  pane l  dis -
cussio n o n analogica l  reasoning ,  Seifer t  (1989 )  pointe d ou t 

tha t  whil e w e ten d t o thin k tha t  goal s m a y b e importan t  i n 

episod e retrieval ,  people  ten d t o rel y mor e o n surfac e fea -

tures .  Th e hybri d syste m di d no t  addres s goal s i n selectin g 

case s o r  rules ,  bu t  stil l  exhibite d ver y goo d accurac y i n pre -

diction . 

Riesbec k an d Schan k (1989 )  describ e tw o categorization s 
of  experienc e tha t  ar e relevan t  here :  ossifie d case s an d para -

digmati c cases .  Ossifie d case s loo k lik e rule s becaus e the y 
hav e bee n abstracte d from a  numbe r  o f  cases ,  m u c h lik e th e 

inductiv e generatio n o f  th e rule s fo r  thi s system .  Paradig -

mati c case s ar e thos e tha t  ar e complet e memorie s an d serv e 
as uniqu e example s i n th e domain .  Throug h th e us e o f  confi -

denc e modificatio n i n thi s system ,  thos e case s tha t  ar e para -
digmati c o f  predictiv e circumstance s ten d t o rise  t o th e to p 

of  th e knowledg e base . 

The dynami c knowledg e confidenc e modificatio n o f  th e 
syste m als o appear s t o contribut e t o th e improve d perfor -
mance,  a s indicate d b y th e accurac y improvemen t  o f  th e rules -
onl y conditio n versu s th e origina l  exper t  system .  Accordin g 
t o Schan k (1982) ,  m e m o r y i s dynamic ,  an d th e sam e inpu t 
experience s a t  tw o differen t  time s ca n resul t  i n differen t  re -

minding s simpl y becaus e m e m o r y m a y hav e reorganize d it -
sel f  i n th e interim .  Whil e th e hybri d syste m doe s no t  reorga -
niz e itsel f  i n th e sam e manne r  a s Schank' s descriptio n o f 
M O Ps an d TOPs ,  i t  doe s reorganiz e it s confidenc e i n piece s 
of  knowledge ,  an d thu s whic h knowledg e wil l  b e use d t o 
make th e curren t  prediction . 

A basi c tene t  o f  Schank' s i s tha t  "w e understan d i n term s 

of  wha t  w e alread y understood "  (Schank ,  1982) .  Whil e th e 
initia l  rul e bas e i n th e syste m containe d approximatel y 5 0 % 
preter m deliver y rule s an d 5 0 % ftillterm  deliver y rules ,  whe n 

case s wer e adde d a s piece s o f  knowledge ,  th e system' s knowl -
edg e bega n t o reflec t  populatio n biases .  Thi s m a y accoun t 

fo r  th e preferentia l  accurac y improvemen t  exhibite d b y th e 

syste m towar d majorit y categorie s a s represente d i n th e popu -
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lation . 

Dynamicall y modifyin g th e predictiv e weigh t  o f  feature s 

i n th e syste m provide d a  mean s o f  focusin g o n th e mor e im -

portan t  aspect s o f  a  give n case .  Barsalo u als o provide s sup -

por t  fo r  thi s concept ,  vi a th e ide a o f  "selectiv e attention " 

(Barsalou ,  1993) .  H e states ,  "Th e basi c ide a i s tha t  th e 

attentiona l  syste m i s capabl e o f  focusin g strategi c process -

in g o n variou s aspect s o f  a  perceptua l  experienc e an d ex -

tractin g the m a s individua l  components ,  whil e simultaneousl y 

tunin g ou t  othe r  component s t o a  larg e extent. "  Furthermore , 

Barsalo u indicate s tha t  memorie s ar e likel y t o b e retrieve d 

base d o n thre e factors :  frequency,  recency ,  an d context .  Th e 

confidenc e modificatio n o f  rule s an d case s addresse s th e fre-

quenc y aspec t  o f  cas e retrieval ,  whil e th e featur e weightin g 

partiall y  addresse s context .  A n interestin g extensio n t o th e 

syste m woul d addres s th e recenc y aspect ,  i n whic h piece s o f 

knowledg e tha t  ar e no t  use d graduall y "atrophy "  i n confi -

dence ,  an d i f  no t  use d fo r  a  sufficientl y lon g time ,  ar e even -

tuall y forgotten . 

Overall ,  then ,  th e result s o f  thi s stud y indicat e tha t  th e prob -

le m solvin g performanc e o f  th e syste m wa s dramaticall y 

improve d b y th e inclusio n o f  case s wit h whic h t o reaso n rathe r 

tha n th e onl y rules . 
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