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A b s t r a c t 

In the past, several machine learning algorithms were 
develope d base d o n th e exempla r  view .  However , 
non e o f  th e algorithm s implemente d th e best -
example s mode l  i n whic h th e concep t  representatio n 
i s restricte d t o exemplar s tha t  ar e typica l  o f  th e 
concept .  Thi s pape r  describe s a  computationa l  best -
example s mode l  an d empirica l  evaluation s o n th e 
algorithm .  I n thi s algorithm ,  typicalitie s o f  instance s 
ar e firs t  measured ,  the n typica l  instance s ar e selecte d 
t o stor e a s concep t  descriptions .  Th e algorith m i s als o 
abl e t o handl e irrelevan t  attribute s b y learnin g 
attribut e relevancie s fo r  eac h concept .  Th e 
experimenta l  result s empiricall y showe d tha t  th e best -
example s mode l  recorde d lowe r  storag e requirement s 
and highe r  classificatio n accuracie s tha n thre e othe r 
alg(»ithm s o n severa l  domains . 

1.  I n t r o d u c t i o n 

Smith and Medin (1981) proposed the exemplar view 
fo r  concep t  representatio n an d categor y classification . 
Specifically ,  tw o cognitiv e model s o f  th e exempla r 
view ,  th e proximit y mode l  an d th e best-example s 
model ,  wer e too k up .  I n th e proximit y model ,  eac h 
concep t  i s represente d b y al l  o f  it s instance s tha t  hav e 
bee n encountered .  Th e best-example s mode l  assume s 
tha t  th e representatio n i s restricte d t o exemplar s tha t 
ar e typica l  o f  th e concept .  I t  seem s impossibl e fo r  a n 
adul t  t o remembe r  al l  instance s fo r  eac h concept .  Th e 
best-example s mode l  strongl y support s huma n 
concep t  formation .  Peopl e ten d t o remembe r  thos e 
most  ofte n encountere d instance s an d forge t  thos e 
rarel y encountere d instances .  Concept s involve d i n 
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rea l  worl d application s usuall y posses s grade d 
structure s (Barsalou .  198S) .  Instea d o f  bein g 
equivalent ,  instance s o f  a  concep t  m a y b e 
characterize d b y a  degre e o f  typicalit y i n representin g 
th e concept .  Typica l  instance s o f  a  concep t  bette r 
characteriz e th e concep t  tha n atypica l  instances . 
Typica l  instance s represen t  th e centra l  tendenc y o f  a 
concept ,  s o concept s describe d b y typica l  instance s ar e 
mor e huma n understandabl e tha n thos e describe d b y 
atypica l  instance s an d als o easie r  fo r  huma n t o captur e 
th e basi c principle s underlyin g thes e concepts . 

I n th e past ,  severa l  machin e learnin g algorithm s 
wer e develope d base d o n th e exempla r  view ,  thes e 
learnin g algorithm s ar e calle d instance-base d learnin g 
algorithms ,  e.g. ,  Proto s (Bareiss ,  e t  al. ,  1990) ,  IB L 
(Aha ,  e t  al. ,  1991) ,  an d Eac h (Salzberg ,  1991) . 
Althoug h al l  thes e algorithm s restricte d th e numbe r 
of  store d instances ,  non e o f  the m trul y implemente d 
th e ide a o f  th e best-example s model .  Thes e 
algorithm s selecte d misclassifie d instance s whic h 
wer e proved  t o b e near-boundar y instance s b y Ah a et . 
al  (1991) .  Salzber g (1991 )  develope d a  metho d whic h 
assigne d a  weigh t  t o eac h store d instance .  I n hi s 
approach ,  typica l  instance s go t  smalle r  weight s tha n 
near-boundar y instances ,  s o the y playe d mor e 
importan t  rol e tha n near-boundar y instances . 
However ,  thi s approac h di d no t  restric t  store d 
instance s t o typica l  instances . 

Thi s pape r  present s a  computationa l  best -
example s mode l  develope d from  th e cognitiv e best -
example s mode l  propose d i n (Smit h an d Medin , 
1981) .  Severa l  problem s wer e addresse d i n th e 
computationa l  best-example s model .  First ,  a n 
algorith m wa s develope d t o measur e typicalitie s o f 
instances .  Second ,  a n approac h wa s designe d t o lear n 
th e weight s o f  attribute s fo r  eac h class .  Finally ,  a n 
algorith m wa s propose d t o selec t  typica l  instance s o f 
a concep t  t o stor e i n memory .  Th e computationa l 
model  ha s bee n implemente d an d teste d o n bot h 
artificia l  an d practica l  domains ,  an d compare d wit h 
thre e differen t  instance-base d learnin g algorithms : 
storin g al l  instances ,  storin g onl y incorrectl y 
classifie d instances ,  an d storin g near-boundar y 
instances .  Th e empirica l  result s showe d tha t  th e 
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computationa l  best-example s mode l  recorde d lowe r 
storag e requirement s an d highe r  classificatio n 
accuracie s tha n previou s instance-base d algorithms . 

2 .  L e a r n i n g A t t r i bu t e W e i g h t s 

Relevancies of attributes have a great impact on the 
performanc e o f  instance-base d learnin g algorithms . 
Not  al l  attribute s chose n t o describ e a  proble m ar e 
relevant ,  eve n the y do ,  th e degree s o f  thei r  relevancie s 
differ .  Differen t  concept s i n a  proble m m a y hav e 
differen t  se t  o f  relevan t  attributes .  Fo r  instance ,  a n 
attribut e tha t  wel l  distinguishe s Concept l  fro m 
Concept 2 m a y no t  d o wel l  t o distinguis h Concept 2 
fro m Concepts .  I n ou r  model ,  th e relevancie s o f 
attribute s no t  onl y affec t  th e classificatio n o f  a n 
instance ,  bu t  als o th e typicalit y measure d fo r  eac h 
instance . 

Bot h A h a (1989 )  an d Salzber g (1991 )  assigne d a 
weigh t  t o eac h attribut e a s it s relevancy.  Ah a (1989 ) 
als o assigne d a  differen t  weigh t  t o th e sam e attribut e 
fo r  differen t  concepts .  Thi s i s th e approac h use d i n 
our  algorithm ,  bu t  th e weight s wer e compute d 
differenUy .  I n bot h (Aha ,  1989 )  an d (Salzberg .  1991) , 
weight s ar e compute d incrementally .  Tha t  is ,  eac h 
tim e a  n e w instanc e wa s seen ,  th e weight s o f 
attribute s wer e modifie d base d o n th e classificatio n o f 
th e ne w instanc e mad e b y th e curren t  descriptions . 
Weight s wer e calculate d durin g th e proces s o f  instanc e 
selectio n i n thei r  algorithms .  I n ou r  model ,  instance s 
ar e selecte d accordin g t o thei r  typicalities .  Weight s o f 
attribute s ar e use d i n measurin g typicalitie s o f 
instances ,  s o w e nee d th e weight s befor e selectin g 
instances .  Therefore ,  Aha' s an d Salzberg' s method s 
canno t  b e use d i n ou r  model .  W e us e a  statistica l 
metho d t o calculat e th e weight s o f  attributes . 

I n ou r  method ,  th e weigh t  o f  th e attribut e A  wit h 
respec t  t o th e concep t  C  i s compute d base d o n th e 
differenc e o f  th e distributio n o f  th e positiv e example s 
of  C  o n al l  value s o f  A  an d th e distributio n o f  th e 
negativ e example s o f  C  o n ai l  value s o f  A .  I f  th e tw o 
distribution s ar e ver y similar ,  th e attribut e A  doe s no t 
distinguis h th e concep t  C  fro m othe r  concept s well . 
I n thi s situation ,  th e differenc e o f  th e tw o 
distribution s i s ver y smal l  s o th e attribut e get s a  lo w 
weigh t  (clos e t o 0) .  I f  th e tw o distribution s d o no t 
intersec t  eac h other ,  th e attribut e A  completel y 
distinguishe s C  fro m othe r  concepts .  Th e differenc e o f 
th e tw o distribution s i n thi s situatio n reache s th e 
m a x i m u m valu e s o th e attribut e get s th e larges t 
weight .  Generally ,  a  mor e relevan t  attribut e ha s a  les s 
intersectio n an d a  large r  differenc e betwee n th e tw o 
distribution s s o i t  get s a  large r  weight . 

Specifically ,  th e weigh t  o f  th e attribut e A  whic h 
take s a  valu e from  {0 ,  1 ,  ... ,  n }  wit h respec t  t o th e 
concep t  C  i s compute d b y th e followin g formula : 

l V . ^ . J { e l A ( e ) = i A e 6 P l l  UelA(e)= i  A c e N I L 
2 ^ A B S(  ,p ,  -  ^ ,  ) 

i= 0 

wher e P  an d N  ar e th e set s o f  positiv e an d negativ e 
example s o f  th e concep t  C ,  respectively.  l{elA(e)= i  a 
ee P) l  an d l(elA(e)= i  a  e e NJ I  ar e th e number s o f 
positiv e an d negativ e example s whos e valu e o f  th e 
attribut e A  i s i ,  respectively.  Th e weigh t  range s fro m 
f .  , .  UelA(e)= i  a  e e P H UelA(e)= i  a  eeN l l 

' °  * •  "  IP !  "  IN I 
fo r  al l  i  ( 0 <  i  <  n) .  Th e weigh t  i s 0  wit h respec t  t o 

th e concep t  C .  I F on e o f  '(e'A(e)=^^Ae6P} l  ^ ^ 

l{elA(e)=iAeeN|l .^ q for all i (0 < i ^ n). The 

weight equals to 1 and the attribute A completely 
distinguishe s C  from  othe r  concepts . 

3 .  M e a s u r i n g I n s t a n c e Typical i t ie s 

In our model, the typicality of an instance is 
measure d base d o n it s famil y resemblanc e (Rosc h an d 
Mervis ,  1975) ,  wher e famil y resemblanc e i s define d 
as a n instance' s averag e similarit y t o othe r  concep t 
instance s (intra-concep t  similarity )  an d it s averag e 
similarit y t o instance s o f  contras t  concept s (inter -
concep t  similarity) .  Th e mor e simila r  a n instanc e i s 
t o othe r  concep t  instance s an d th e les s simila r  i t  i s t o 
instance s o f  contras t  concepts ,  th e highe r  it s famil y 
resemblance ,  an d th e mor e typica l  i t  i s o f  it s concept . 
I n othe r  words ,  typica l  instance s hav e highe r  intra -
concep t  similarit y an d lowe r  inter-concep t  similarit y 
tha n atypica l  instances .  Th e typicalit y o f  a n instanc e 
i s measure d a s th e rati o o f  it s intra-concep t  similarit y 
t o it s inter-concep t  similarity .  Thus ,  a  large r  intra -
concept  similarit y implie s a  large r  typicality ,  an d a 
large r  inter-concep t  similarit y implie s a  smalle r 
typicality .  Generally ,  th e typicalitie s o f  typica l 
instance s ar e muc h large r  tha n 1 .  boundar y instance s 
hav e typicalitie s clos e t o 1 .  an d th e instance s wit h 
typicalitie s les s tha n 1  ar e eithe r  nois e o r  exceptions . 

The intra-concep t  similarit y o f  a n instanc e o f  a 
concep t  C  i s compute d a s th e averag e o f  th e 
similaritie s o f  th e instanc e t o al l  othe r  instance s o f  C 
wit h respec t  t o C .  an d th e inter-concep t  similarit y o f 
an instanc e o f  a  concep t  C  i s compute d a s th e averag e 
of  th e similaritie s o f  th e instanc e t o al l  instance s o f 
contras t  concept s (negativ e example s o f  C )  wit h 

respec t  t o C .  Th e similarit y o f  instance s e ^  t o e ^ 

wit h respec t  t o C  sim(C ,  e^ .  e^ )  i s th e opposit e o f 

th e distanc e o f  e  ̂ o e ^  wit h respect  t o C : 

sim(C .  e ^  e2 )  =  1  -  dis(C ,  e^ .  e^ ) 

dis(C ,  e ^  e^ )  i s compute d b y measurin g th e weighte d 

Euclidea n distanc e o f  th e instanc e e ^  t o th e instanc e 

e^ .  Specifically . 
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(lis(C,e^e2) = 

[ ^ -e2 . 

maxi  -  min i 

- M lW(i j i.C ) 

wher e eJ i  ( j  =  1,2)  i s th e valu e o f  th e it h attribut e o n 

exampl e eJ ,  max i  an d min i  ^ ^  respectively  th e 

m a x i m u m an d m in imu m value s o f  th e it h attribute , 
an d m i s th e numbe r  o f  attributes .  W(i .  C )  i s th e 
weigh t  o f  th e attribut e i  wit h respec t  t o th e concep t 

C.  W h e n th e it h attribut e i s symbolic-valued ,  e^ i  -

e^ i  =  1  i f  the y ar e different ,  e ^  -  e^ i  =  0  otherwise . 

For  missin g values ,  e ^  -  e^ i  =  0.5 .  Th e distanc e o f  a 

linea r  attribut e i s normalize d t o th e rang e o f  0  t o 1 . 
The distanc e betwee n tw o instance s i s als o normalize d 
t o th e rang e o f  0  t o 1 . 

4. Selecting Typical Instances 

In the sections 2 and 3. we discussed the algorithms 
fo r  computin g weight s o f  attribute s an d typicalitie s o f 
instances .  I n thi s section ,  w e shal l  ftrst  introduc e th e 
metho d fo r  instanc e selectio n an d classification ,  the n 
presen t  th e complet e instance-base d algorith m i n th e 
computationa l  best-example s model .  Th e neares t 
neighbo r  algorith m store s al l  instance s a s concep t 
descriptions .  A h a e t  al .  (1991 )  an d Salzber g (1991 ) 
develope d storag e reduction  instance-base d learnin g 
algorithm s i n whic h onl y incorrectl y classifie d 
instance s wer e stored .  A h a e t  al .  (1991 )  empiricall y 
demonstrate d tha t  thei r  storag e reduction  algorith m 
IB 2 significantl y reduce d th e storag e requirements ,  an d 
onl y slightl y degrade d classificatio n accuracies .  A s 
indicate d b y A h a e t  a l  (1991) ,  majorit y o f  store d 
instance s b y IB 2 wer e near-boundar y instances . 

Simila r  t o m a n y IB L algorithms ,  th e instance -
base d learnin g algorith m i n ou r  mode l  stCH'e s a  subse t 
of  trainin g instance s i n it s memory ,  an d use s a 
distanc e measur e t o decid e th e distanc e betwee n ne w 
instance s an d thos e stored .  N e w instance s ar e 
classifie d accordin g t o thei r  closes t  neighbor' s 
classification .  Th e distanc e measur e use d i s th e on e 
introduce d i n th e sectio n 3  wit h respec t  t o th e concep t 
t o whic h th e store d instanc e belongs .  Eac h tim e a 
ne w instanc e i s incorrectl y classified ,  ou r  algorith m 
doe s no t  stor e th e incorrecU y classifie d instanc e itself , 
instea d i t  store s th e mos t  typica l  instanc e whic h 
correctl y classifie s th e ne w instance .  Tha t  is ,  th e 
algorith m finds  th e mos t  typica l  instanc e suc h tha t 
afte r  th e instanc e i s store d int o th e memory ,  th e ne w 
instanc e ca n b e correctl y classified . 

Simila r  t o Eac h (Salzberg ,  1991 )  an d P E B L S 
(Cos t  an d Salzberg ,  1991) ,  eac h store d instanc e i s 
associate d wit h a  weight .  Th e weigh t  i s use d i n 
measurin g th e distanc e betwee n a  ne w instanc e an d 
th e store d instance .  Th e distanc e betwee n a  store d 
instanc e X  o f  a  concep t  C  an d a  ne w instanc e Y  is : 

D ( C . X . Y )  =  W x * d i s ( C . X , Y ) 

wher e dis(C ,  X ,  Y )  i s th e distanc e measur e introduce d 
i n sectio n 3 ,  W x i s th e weigh t  o f  X ,  an d C  i s th e 

concep t  t o whic h X  belongs .  Eac h store d instanc e 
cover s a n are a i n th e instanc e space .  Th e are a covere d 
by a n instanc e depend s o n th e distributio n o f  al l 
store d instance s an d th e weigh t  assigne d t o th e 
instance .  Generally ,  th e smalle r  th e weigh t  o f  a n 
instance ,  th e large r  th e are a covere d b y th e instance . 
By changin g th e weight ,  on e ca n chang e th e are a tha t 
th e instanc e covers .  Detaile d discussio n abou t  th e 
issu e ca n b e foun d i n (Cos t  an d Salzberg ,  1991) .  Th e 
weigh t  o f  a n instanc e i n ou r  algorith m i s simpl y th e 
reciproca l  o f  it s  typicality .  Th e rational e fo r  thi s i s 
tha t  a  typica l  instanc e i s mor e reliabl e tha n a 
boundar y instanc e an d shoul d cove r  a  large r  area . 
Namely ,  i t  shoul d hav e a  smalle r  weight .  A n 
exceptiona l  cas e shoul d cove r  onl y a  smal l  are a s o i t 
shoul d hav e a  larg e weight . 

Specifically ,  ou r  computationa l  best-example s 
model  i s  describe d a s follows : 

1. Compute weights of all attributes with respect 
t o eac h concept , 

2.  Comput e typicalitie s fo r  al l  instances , 
3.  C D =  null , 
4.  pic k u p Ui e mos t  typica l  incorrectl y classifie d 

instanc e x ,  find  th e mos t  typica l  instanc e y 
whic h correctl y classifie s x , 

5.  comput e th e weigh t  o f  y :  weight(y )  = 
1 

typicaity(y) ' 
6.  ad d y  t o C D , 
7.  repea t  th e ste p 4 ,  S  an d 6  unti l  al l  instance s ar e 

correctl y classified . 

We have implemented the algorithm in a system 
T IB L (Typical-lnstance-Bas e Learning) .  T o compar e 
wit h othe r  instance-base d learnin g algorithms ,  w e 
hav e als o implemente d thre e othe r  instance-base d 
learnin g algorithms ,  B I B L (Boundary-Instance-Base d 
Learning) ,  SRIB L (Storag e Reductio n Instance-Base d 
Learning) ,  an d IB L (Instance-Base d Learning) .  B IB L 
algorith m store s th e les t  typica l  instances ,  tha t  is . 
exceptiona l  an d boundar y instances .  Thi s algorith m 
repeat s th e proces s o f  finding  th e incorrectl y classifie d 
instanc e wit h th e smalles t  typicalit y an d storin g i t 
unti l  al l  instance s ar e correctl y classified .  S R I B L i s 
simila r  t o IB 2 (Aha ,  e t  al. ,  1991) .  I t  repeats  th e 
proces s o f  finding  a n incorrectl y classifie d instanc e 
and storin g i t  unti l  al l  instance s ar e correctl y covered . 
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IB L i s th e 1-neares t  neighbo r  algorith m an d store s al l 
trainin g instances . 

5 .  E m p i r i c a l  E v a l u a t i o n 

To empirically evaluate the typical-instance-based 
learnin g algorithm ,  w e hav e conducte d tw o kind s o f 
experiment s wit h TIBL .  Th e first  kin d o f  experiment s 
was designe d t o evaluat e th e algorith m i n compariso n 
wit h othe r  instance-base d learnin g algorithms ,  whil e 
th e secon d kin d o f  experiment s wa s t o evaluat e th e 
effec t  o f  learnin g attribut e relevancies .  Th e 
performanc e wa s evaluate d o n tw o aspects :  classi -
ficatio n accurac y an d storag e requirement . 
Classificatio n accurac y wa s measure d a s th e 
percentag e o f  correc t  classification s mad e b y th e 
concep t  descriptio n o n a  se t  o f  randoml y selecte d tes t 
instances .  Storag e requiremen t  wa s measure d b y th e 

number  o f  instance s store d i n descriptions .  Al l  result s 
reporte d i n thi s sectio n wer e average d ove r  1 0 trials . 

We applie d th e fou r  instance-base d learnin g 
algorithms :  T IB L (Typical-Instance-Base d Learning) , 
B I B L (Boundary-Instance-Base d Learning) ,  S R I B L 
(Storag e Reductio n Instance-Base d Learning) ,  an d IB L 
(Instance-Base d Learning )  t o fiv e domains : 
classificatio n o f  n-of- m concept ,  classificatio n o f 
congressiona l  votin g recording ,  malignan t  tumo r 
classification ,  diagnosi s o f  diabete s i n Pim a Indians , 
and diagnosi s o f  hear t  disease .  I n thes e experiments , 
T IB L wa s applie d withou t  attribut e weigh t  learning . 
Tabl e 1  summarie s th e characteristic s o f  th e fiv e 
domain s an d tabl e 2  report s th e experimenta l  result s 
of  th e fou r  differen t  instance-base d learnin g 
algorithm s o n th e fiv e domains .  Tes t  set s wer e 
disjoin t  wit h trainin g set s excep t  fo r  th e n-of- m 
concep t  o n whic h tes t  se t  wa s th e whol e instanc e 
space .  I n tabl e 2 ,  A C C an d #in s represen t  accurac y 
and th e numbe r  o f  instances ,  respectively . 

Domai n Trainin g Se t  Siz e Tes t  Se t  Siz e 

Tabl e 1 :  Summar y o f  Domai n Characteristic s 

Number  o f  Attribute s 

n-of- m 
Votin g 
Tumor 
Diabete s 
Hear t 

400 
200 
150 
200 
100 

102 4 
235 
219 
568 
203 

10 
16 
9 
8 
13 

Domain s 

n-of- m 
Votin g 
Tumor 

Diabete s 
Hear t 

TBL 
A C C ( %)  #in s 

99. 5 10. 8 
90. 4 31. 6 
93. 1 19. 5 
70. 2 105. 6 
82. 0 33. 7 

BIB L 
A C C ( %)  #in s 

76. 0 182. 8 
92. 0 59. 5 
90. 4 29. 4 
66. 5 106. 9 
73. 9 46. 6 

SRIB L 
A C C ( %)  #in s 

80. 3 219. 4 
92. 4 51. 9 
91. 2 28. 8 
65. 5 105. 3 
75. 6 45. 2 

IB L 
A C C ( %)  #in s 

85. 5 400. 0 
93. 4 200. 0 
93. 7 150. 0 
69. 9 200. 0 
77. 8 100. 0 

Tabl e 2 :  Experimenta l  Result s o f  4  IB L Algorithm s o n 5  Domain s 

The n-of- m concep t  i s a n artificia l  domai n an d 
contain s 1 0 binar y attribute s an d 2  concepts ,  C I  an d 
C2.  I f  5  o r  mor e o f  th e 1 0 attribute s o f  a n instanc e 
ar e 1 ,  the n th e instanc e belong s t o C I ,  otherwis e i t 
belong s t o C 2 .  T I B L significantl y improve d bot h 
accurac y an d storag e requirement s ove r  BIBL ,  SRIB L 
and IBL .  Th e reaso n fo r  suc h a  larg e improvemen t  i s 
tha t  th e n-of- m concep t  ha s a  ver y clea r  grade d 
structure .  W h e n th e tw o mos t  typica l  instances , 
II11 1 1 1 11 1 an d 0000000000 ,  appeare d i n th e 
trainin g set ,  the y wer e th e onl y tw o instance s chose n 
by TIBL ,  111111111 1 fo r  C I  an d 000000000 0 fo r 
C2.  Thes e tw o instance s wer e weighte d differently , 
111111111 1 ha d a  slightl y smalle r  weigh t  tha n 
000000000 0 s o tha t  111111111 1 covere d large r  are a 
tha n 0000000000 .  Th e concep t  C I  di d cove r  a  large r 

are a tha n C2 .  1 0 0 % accurac y wa s achieve d b y thes e 
descriptions .  Followin g i s a n exampl e o f  suc h 
descriptions . 

lUl l I I l l l :  weigh t  =  0.48 3 
0000000000 :  weigh t =  0.52 3 

The congressiona l  Votin g databas e contain s th e 
votin g record s o f  th e member s o f  th e Unite d State s 
House o f  Representative s durin g th e secon d sessio n o f 
1984 .  I t  i s  describe d b y 1 6 binar y attribute s an d ha s 
28 8 missin g value s amon g it s 43 5 instances .  TIBL' s 
classificatio n accurac y i s slightl y lowe r  tha n BIBL's , 
SRIBL' s an d IBL's ,  bu t  T I B L save d muc h fewe r 
instances .  A n interestin g resul t  i s  tha t  almos t  al l 
description s generate d b y T I B L include d onl y on e o r 
tw o instance s wit h ver y hig h typicalitie s plu s a 
number  o f  instance s wit h ver y lo w typicalities .  Ver y 

117 9 



fe w instance s wit h med iu m typicalitie s (1. 2 t o 3 ) 
wer e include d i n th e descriptions .  Thi s i s becaus e tha t 
thes e instance s wer e correctl y classifie d b y th e typica l 
instance s stored .  Th e typica l  instance s o f  a  descriptio n 
represented  th e centra l  tendency ,  whil e th e instance s 
wit h lo w typicalitie s wer e exception s whic h coul d no t 
be correctl y classifie d b y an y typica l  instances .  Th e 
lowe r  T I B L accurac y ma y b e du e t o th e fac t  tha t  th e 
tes t  se t  include d som e exception s whic h wer e no t 
correctl y classifie d b y th e typica l  instance s stored . 

Th e malignan t  tumo r  classificatio n domai n 
include s a  se t  o f  36 9 breas t  cance r  patients ,  o f  whic h 
20 1 hav e n o malignanc y an d th e remainder  hav e 
confinne d malignancie s (Wolber g an d Mangasarian , 
1989) .  Th e proble m i s t o determin e whethe r  th e 
tumor s wer e benig n o r  malignan t  fro m thes e cance r 
patients .  Eac h patien t  i s  describe d b y nin e real-value d 
features .  Mangasaria n e t  al .  (1989 )  applie d a  ne w 
linea r  programmin g techniqu e t o thi s domain ,  an d 
goo d result s hav e bee n achieved .  Althoug h th e 
accurac y o f  IB L wa s slightl y bette r  tha n T IBL ,  i t 
store d abou t  7  time s mor e instances .  T I B L 
outperforme d bot h B I B L an d S R I B L i n term s o f  bot h 
accurac y an d storag e requirement,  bu t  th e accurac y 
improvemen t  i s no t  significant .  B I B L an d S R I B L 
performe d similarly .  Simila r  t o thos e obtaine d i n th e 
congressiona l  votin g records ,  th e concep t  description s 
generate d consiste d o f  a  fe w typica l  instance s an d a 
number  o f  exceptiona l  instances .  Thes e exceptiona l 
instance s ca n b e removed  withou t  degradin g th e 
accuracy . 

Th e Diabete s i n Pim a Indian s dat a se t  contain s 
76 8 instances ,  o f  whic h 50 0 (65% )  hav e n o diabetes , 
an d 26 8 ar e diabete s patients .  Eac h instanc e i s 
describe d b y 8  linea r  attributes .  Th e proble m i s t o 
diagnos e w h o ha s diabete s an d w h o ha s no .  Th e 
accurac y o f  T I B L wa s consistentl y bette r  tha n thos e 
of  B I B L an d SRIBL .  Th e storag e requiremen t  o f  T IB L 
i s abou t  th e sam e a s thos e o f  B IB L an d SRIBL .  T IB L 
performe d equall y wel l  a s IB L i n accuracy ,  whil e i t 
reduce d th e storag e b y half . 

The hear t  diseas e dat a se t  contain s 30 3 instances , 
eac h instanc e i s represente d a s 1 3 numeri c attribute s 
plu s a  classification :  presenc e o r  absenc e o f  hear t 
disease .  16 4 o f  th e 30 3 instance s hav e n o hear t 
disease .  Th e goa l  i s  t o lear n t o distinguis h presenc e o f 
hear t  diseas e fro m absence .  Excellen t  result s wer e 
obtaine d b y T I B L o n thi s domain .  TIBL' s 
classificatio n accurac y wa s ove r  8 0 % an d highe r  tha n 
previousl y publishe d results .  A h a e t  al .  (1991 ) 
reported  75.7 % accurac y fo r  standar d neares t  neighbo r 
and 7 8 % fo r  a  varian t  o f  N N tha t  discard s apparentl y 
nois y instances .  The y als o reporte d tha t  th e C 4 
decisio n tre e learnin g algorith m (Quinlan ,  1987 ) 
achieve d 75.5 % accuracy .  I n ou r  experiments ,  T IB L 
showe d a  significan t  accurac y improvemen t  ove r  th e 
othe r  thre e method s BIBL ,  S R I B L an d IBL .  I t  store d 
fewe r  instance s tha n B IB L an d SRIBL . 

T I B L reduce d th e storag e requirement s 
dramaticall y o n th e dataset s o n whic h hig h accurac y 
wer e achieve d b y learnin g systems ,  e.g., . 
congressiona l  votin g record s an d malignan t  tumor . 
Thi s resul t  wa s partiall y  cause d b y th e fac t  tha t  hig h 
qualit y dataset s enable d ou r  algorith m t o bette r 
distinguis h typica l  instance s fro m atypica l  ones . 
Anothe r  reaso n wa s tha t  instance s i n hig h qualit y 
dataset s ar e ver y concentrate d an d constitut e fe w peak s 
whic h ar e wel l  represented  b y a  fe w typica l  instances . 

T o evaluat e th e effec t  o f  attribut e weigh t 
learning ,  T IB L ha s bee n ru n o n tw o domains ,  n-of- m 
concep t  an d congressiona l  voting ,  wit h an d withou t 
attribut e weigh t  learning .  Th e congressiona l  votin g 
datase t  wa s th e sam e a s th e on e use d i n th e 
experiment s reporte d above .  Th e n-of- m concep t  wa s 
modifie d b y addin g 5  irrelevan t  attributes .  Tabl e 3 
present s th e experimenta l  results .  Description s o f  n -
of- m wer e teste d o n 200 0 example s an d description s 
of  congressiona l  votin g record s wer e teste d 33 5 an d 
23 5 example s fo r  th e trainin g size s 10 0 an d 200 , 
respectively. 

Domai n 

n-of- m 

Votin g 

Trainin g Se t 
Siz e 

200 
400 
100 
200 

Wit h Attribut e Relevanc y 
A CC #in s 

95.6 % 12. 4 
99 .4 % 7. 5 
90 .1 % 12. 6 
91 .3 % 27. 8 

No Attribut e Relevanc y 
A CC #in s 

85.3 % 60. 4 
89.0 % 96. 3 
88.7 % 14. 2 
90.4 % 31. 6 

Tabl e 3 :  Experimenta l  Result s wit h an d Withou t  Learnin g Attribut e Relevancie s 

SigniHcan t  improvement s o n bot h classificatio n 
accurac y an d stwag e requiremen t  wer e achieve d o n th e 
d o m a i n o f  n-of- m concept .  Althoug h th e 
improvement s o n congressiona l  votin g record s wer e 
minor ,  the y wer e stable .  Improvemen t  o n accurac y 
was obtaine d o n 1 9 o f  th e 2 0 trial s mad e ove r  th e tw o 
trainin g se t  size s an d th e improvemen t  o n storag e 
requiremen t  wa s observe d fo r  al l  2 0 trials .  Thes e 

improvement s wer e du e t o th e attribut e weigh t 
learning .  Attribut e weight s no t  onl y helpe d T IB L i n 
classifyin g ne w instances ,  bu t  als o i n identifyin g 
typica l  instances ,  becaus e attribut e weight s wer e use d 
t o comput e typicalitie s o f  instances .  Fo r  example ,  th e 
typicalitie s o f  th e mos t  typica l  instance s o f  n-of- m 
concep t  wer e aroun d 1.2 5 withou t  usin g attribut e 
weight s an d wer e aroun d 2. 5 wit h usin g attribut e 
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weights .  Th e typicalitie s o f  th e mos t  typica l 
instance s o f  congressiona l  votin g record s wer e aroun d 
2. 8 withou t  usin g attribut e weight s an d wer e aroun d 
4. 0 wit h usin g attribut e weights . 

6.  S u m m a r y an d Futur e W o r k 

The main contribution of the work described in 
thi s pape r  i s th e developmen t  o f  a  computationa l 
best-example s mode l  fro m th e cognitiv e best -
example s mode l  propose d b y Smit h an d Medi n 
(1981) .  Thre e algorithms ,  attribut e weigh t  learnin g 
algorithm ,  instanc e typicalit y measurin g algorith m 
and instanc e selectio n algorithm ,  wer e develope d i n 
thi s computationa l  model .  Thi s mode l  wa s 
empiricall y evaluate d an d compare d wit h othe r 
instance-base d learnin g algorithms .  Th e result s 
confirme d tha t  th e best-example s mode l  ca n b e 
adopte d i n developin g instance-base d learnin g 
systems .  Th e result s showe d tha t  whe n concept s hav e 
grade d structure s instances-base d learnin g system s 
develope d best-example s mode l  ma y outperfa m othe r 
instance-base d learnin g systems .  Th e computationa l 
model  m a y als o hel p cognitiv e researcher s t o bette r 
understan d th e best-example s model . 

O ne o f  th e limitation s o f  th e computationa l 
model  i s th e wa y t o comput e th e distanc e o f  instance s 
when attribute s ar e symbolic-valued .  I n thi s case , 
distanc e i n T I B L i s  compute d b y countin g th e 
attribut e value s tha t  match .  A s indicate d i n (Cos t  an d 
Salzberg ,  1991) ,  thi s aK>roac h fo r  computin g distanc e 
may no t  perfor m wel l  whe n th e domain s ar e complex . 
I n th e future ,  w e shal l  implemen t  a  mor e complicate d 
metho d calle d Valu e Differenc e Metri c ( V D M ) 
(StanfU l  an d Waltz ,  1986 ;  Cos t  an d Salzberg ,  1991 ) 
whic h take s int o accoun t  th e overal l  similarit y o f 
classificatio n o f  al l  instance s fo r  eac h possibl e valu e 
of  eac h attribute .  I n thi s method ,  a  matri x definin g 
th e distanc e betwee n al l  value s o f  a n attribut e i s 
derive d statistically ,  base d o n th e example s i n th e 
trainin g set .  Othe r  futur e wor k include s developin g a 
metho d fo r  learnin g weight s o f  linea r  attributes , 
especiall y continuou s attributes .  Th e proble m o f 
classifyin g ne w instance s wit h degree s o f  membershi p 
shoul d b e addresse d i n th e futur e too . 
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