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Abstrac t 

Thi s pape r  describe s INC2 ,  a n incrementa l  categor y for -

matio n syste m whic h implement s th e concept s o f  famil y 

resemblance ,  contrast-model-base d similarity ,  an d 

context-sensitive ,  distribute d probabilisti c  representation . 

The syste m i s evaluate d i n term s o f  bot h th e structur e o f 

categories/hierarchie s i t  generate s an d it s categorizatio n 

(prediction )  accurac y i n bot h noise-fre e an d nois y 

domains .  Performanc e i s show n t o b e comparabl e t o bot h 

humans an d existin g leaming-from-exampl e systems , 

eve n thoug h th e syste m i s no t  provide d wit h an y categor y 

membershi p informatio n durin g th e categor y formatio n 

stage . 

Introduction 

The issue s o f  categor y formatio n an d categorizatio n 

represen t  a n importan t  researc h topi c du e t o th e fac t  tha t 

categorie s li e a t  th e cor e o f  ou r  thought ,  perception , 

speech ,  an d action .  Researcher s fro m severa l  divers e dis -

cipline s (psychology ,  philosophy ,  linguistics ,  anthropol -

ogy ,  an d compute r  science )  activel y wor k i n thi s area . 

Compute r  science ,  i n particular ,  offer s wealt h o f  result s 

unde r  th e c o m m o n ter m o f  concep t  formation . 

Fishe r  &  Langle y (i n press )  describ e concep t  forma -

tio n a s th e incrementa l  unsupervise d acquisitio n o f 

categories .  A  syste m whic h ca n accomplis h thi s tas k ca n 

be use d bot h a s a n ai d i n organizin g an d summarizin g 

comple x dat a an d a s a  retrieva l  syste m whic h ca n predic t 

propertie s o f  previousl y unsee n objects .  Suc h a  syste m 

wil l  b e usefu l  i n domain s wher e knowledg e i s incomplet e 

or  classification s and/o r  h u m a n expert s d o no t  exist . 

Thi s pape r  describe s I N C 2 ,  a n incrementa l  concep t 

formatio n syste m whic h combine s th e effectivenes s o f 

similarity-base d learnin g method s (compute r  science ) 

wit h th e plausibilit y o f  th e modifie d contrast-mode l 

(psychology )  an d family-resemblanc e (philosophy ) 

theories .  Th e syste m use s a  context-sensitive ,  distribute d 

probabilisti c  representatio n t o stor e th e knowledg e abou t 

Thi s wor k wa s supporte d b y a  gran t  fro m th e UNCC,  Colleg e 
of  Engineering . 

Currentl y wit h th e Energ y Managemen t  Associates ,  Inc ,  Atlan -
ta ,  Georgia . 

categories ,  thei r  descriptions ,  an d members .  T h e syste m 

has bee n evaluate d i n th e domain s o f  soybea n disease , 

breas t  cancer ,  an d primar y tumo r  cases .  W h e n compare d 

t o human s an d existin g leaming-from-example s systems , 

I N C 2 show s comparabl e performanc e i n term s o f  predic -

tio n accuracy . 

INC2 

I N C 2 share s th e object/categor y representatio n formalis m 

wit h it s predecessor ,  th e I N C syste m (Hadzikadi c &  Y u n 

1989) .  Also ,  the y bot h incrementall y buil d a  hierarch y 

(tree )  o f  disjoin t  categorie s (althoug h a n objec t  m a y 

matc h description s o f  mor e tha n on e category )  i n a n 

unsupe n se d fashion .  That ,  however ,  i s  wher e th e simi -

laritie s end .  W e wil l  n o w concentrat e o n th e descriptio n 

of  th e I N C 2 system . 

Representation 

As ah-ead y mentioned ,  I N C 2 build s a  hierarch y o f  non -

disjoin t  categor y descriptions .  Th e leave s o f  th e hierar -

ch y ar e object s (singleto n categories) .  Th e roo t  o f  thi s 

hierarch y ha s associate d wit h i t  a  descriptio n whic h i s a 

summary o f  al l  description s o f  th e object s see n b y th e 

syste m t o date .  A s on e traverse s th e hierarchy ,  downwar d 

pointer s lea d t o node s wit h mor e specifi c  descriptions , 

whil e upwar d pointer s lea d t o node s wit h mor e genera l 

descriptions . 

A descriptio n o f  eac h categor y C  i s define d a s a  se t  o f 

feature s /  (attribute-valu e pairs) .  Eac h featur e ha s a  con -

ditiona l  probabilit y  p { f  \ C )  associate d wit h it .  Thus , 

representin g th e colo r  featur e o f  re d apple s woul d tak e 

th e for m {colo r  re d 0.25) .  Th e 0.2 5 mean s tha t 

members o f  thi s categor y ar e re d 2 5 % o f  th e time .  Con -

sequently ,  singleto n categorie s wil l  hav e probabilitie s 

equa l  t o 1.0 .  I n additio n t o nomina l  attributes ,  I N C 2 

support s th e structura l  one s a s well .  Representin g a 

structura l  fac t  suc h a s th e fac t  tha t  objec t  a  i s  insid e 

objec t  b  woul d tak e th e for m {contain s { b a )  1.0) . 

Finally ,  I N C 2 support s structure d domains ,  i.e. , 

{shap e triangl e I.O )  wil l  mdXc h {shap e squar e 1.0) ,  pro -

vide d th e knowledg e tha t  bot h triangle s an d square s ar e 

specialization s o f  polygons . 
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The notio n o f  probabilisti c  concep t  representation s 

was inuoduce d b y Smit h &  Medi n (1981) .  However , 

sinc e member s o f  a  give n categor y ma y resid e i n distinc t 

portion s o f  th e hierarchy ,  th e adopte d representatio n for -

malis m i s referre d t o a s distribute d probabilisti c  concep t 

hierarchie s (Fishe r  &  Langle y i n press) . 

Family Resemblance 

I n additio n t o it s feature s an d hierarchica l  pointers ,  eac h 

categor y descriptio n contain s a n estimat e o f  it s  cohesivc -

ness give n i n th e for m o f  famil y resemblance .  Famil y 

resemblance ,  first  advance d b y Wittgenstei n (1953) ,  i s 

define d her e a s th e averag e similarit y betwee n al l  possi -

bl e pair s o f  object s i n a  give n category .  Mor e formally , 

we defin e th e famil y resemblanc e F R o f  a  give n 

category ,  C ,  t o b e 

'Z[s(.a,b )  +  s{b,a) ] 

F R { C ) ^ 
2 x n 

12 J 

wher e a  ^  b ,  a  an d b  ar e member s o i  C ,  s{a,b )  i s  an y 

similarit y functio n define d fo r  tw o object s describe d wit h 

featur e sets ,  n  i s th e numbe r  o f  childre n o f  th e nod e 

associate d wit h th e categor y C ,  an d 2  ' ^  th e numbe r 

of  distinc t  two-elemen t  set s o f  object s i n C . 

We interpre t  famil y resemblanc e a s a  measur e o f  th e 

cohesivenes s o f  a  category .  T o sav e processin g time , 

1NC2 compare s pair s fro m th e childre n o f  C  rathe r  tha n 

fro m al l  th e object s store d i n th e subtre e heade d b y C  t o 

approximat e th e famil y resemblanc e fo r  a  give n category , 

C.  A  specia l  cas e arise s fo r  categorie s whic h d o no t 

hav e an y pairs ,  namel y singleto n categories .  Th e valu e 

we use d fo r  th e famil y resemblanc e o f  a  singleto n 

categor y i s th e famil y resemblanc e o f  it s  leas t  compac t 

sibling .  I f  ther e ar e n o siblings ,  th e famil y resemblanc e 

of  th e paren t  i s use d instead .  I n essence ,  thi s mean s tha t 

tw o object s wil l  for m a  ne w categor y i f  thei r  similarit y i s 

greate r  tha n eithe r  th e averag e similarit y associate d wit h 

th e leas t  compac t  siblin g o r  th e averag e similarit y 

betwee n al l  pair s o f  object s withi n th e give n contex t 

(assumin g tha t  n o othe r  categor y represent s a  bette r  hos t 

fo r  th e object) . 

Similarity Function 

The similarit y functio n s  use d b y INC 2 represent s a  vari -

atio n o f  th e contras t  mode l  (Tversk y 1977 )  whic h define s 

th e similarit y betwee n a n objec t  an d a  categor y a s a 

linea r  combinatio n o f  bot h common an d distinctiv e 

features .  Ou r  modificatio n o f  th e contras t  mode l  includes : 

(a )  eliminatio n o f  a  referen t  sinc e comparison s tak e plac e 

betwee n node s a t  th e sam e leve l  o f  th e hierarchy ,  (b ) 

consequen t  introductio n o f  th e symmetric!t y property . 

thu s reducin g th e numbe r  o f  comparison s neede d b y 

50%,  an d (c )  normalizatio n o f  th e functio n s o tha t  th e 

value s fal l  int o th e (-1.0 ,  1.0 )  range ,  wit h 1. 0 denotin g 

identica l  objects/categorie s an d -1. 0 indicatin g com -

pletel y dissimila r  ones .  Th e ne w functio n i s no w for -

mall y define d a s 

s(A£)-'^~'^~^ 
' ^ ^ ^ ^ -  X  +  a-H p 

X = 

'" A X  L  P^A B 1-4 )  +  m B ^ Y ,  pifA B IB ) 
/a £ fA B 

m^+mB 

/ a 

p-m ^  xXp(/bIB ) 
/b 

wher e A  an d B  ar e (possibl y singleton )  categories ,  X 

represent s th e contributio n o f  th e common features ,  whil e 

a an d P  introduc e th e influenc e o f  th e feature s o f  A  no t 

share d b y B  an d vic e versa ,  respectively ,  m ^  i s a 

number  o f  object s store d unde r  th e nod e associate d wit h 

th e categor y A ,  m g i s similarl y interprete d fo r  th e 

categor y B ,  f̂ s  i s th e se t  o f  feature s share d b y A  an d 

B,  / a i s th e se t  o f  feature s presen t  i n th e descriptio n o f 

A bu t  no t  B ,  an d / b i s th e se t  o f  feature s presen t  i n th e 

descriptio n o f  B  bu t  no t  A  . 

Operators 

INC 2 use s fou r  operator s t o guid e th e categor y formatio n 

process :  create ,  extend ,  merge ,  an d delete .  Creat e form s 

a ne w categor y fo r  a n objec t  foun d t o b e dissimila r  t o al l 

examine d categories ,  whil e exten d add s a  ne w objec t  t o 

th e mos t  simila r  categor y found . 

Merg e unite s tw o o r  mor e categorie s a t  th e sam e leve l 

i n th e hierarch y tha t  ar e foun d t o b e simila r  t o a  ne w 

objec t  t o for m a  ne w category .  Th e objec t  i s  the n recur -

sivel y classifie d wit h respec t  t o th e categor y whic h max -

imize s Ih e increas e i n it s cohesivenes s upo n incorporat -

in g th e oDject . 

When th e famil y resemblanc e o f  a  give n categor y i s 

les s tha n th e famil y resemblanc e o f  it s  parent ,  tha t 

categor y doe s no t  represen t  a  prope r  specializatio n o f  it s 

parent .  Suc h a  situatio n i s likel y t o occu r  i n nois y 

domain s upo n applicatio n o f  th e merg e operator .  Th e 

delet e operato r  rectifie s thi s proble m b y removin g th e 

categor y an d promotin g it s specializations . 

270 



Algorith m 

Figur e 1  present s th e classificaiio n procedur e o f  1NC2 .  I t 

implement s a  hill-climbin g strateg y whic h encourage s 

advancemen t  towar d th e maxima l  improvemen t  o f  th e 

hierarch y a s measure d b y th e increas e i n th e famil y 

resemblanc e o f  ever y candidat e hos t  category . 

The algorith m ca n b e paraphrase d a s follows .  T o 

begin ,  pas s t o th e procedur e bot h a n object ,  a ,  an d th e 

roo t  o f  th e hierarchy ,  C .  Th e firs t  actio n i s t o updat e th e 

descriptio n o f  th e categor y C  base d o n th e descriptio n o f 

th e objec t  a .  Next ,  fin d th e chang e i n th e famil y resem -

blanc e measure s (AFR )  tha t  woul d resul t  from  tem -

poraril y  placin g a  i n eac h o f  C' s specialization s (sub -

categories) . 

I f  onl y on e subcategor y experience s improvemen t  (a n 

increas e i n it s  famil y resemblanc e measure) ,  the n eithe r 

exten d thi s subcategor y (i f  singleton )  o r  cal l  th e 

classificatio n procedur e recursivel y o n a  an d tha t  sub -

category ,  th e besthost .  I f  tw o o r  mor e subcategorie s 

experienc e improvement ,  the n fin d th e subcategorie s 

whic h ar e a t  leas t  a s simila r  t o a  a s th e famil y resem -

blanc e o f  C ,  i.e. ,  thos e subcategorie s whic h ar e mor e 

simila r  t o a  tha n th e degre e o f  compactnes s i n th e give n 

context .  Thes e categorie s ar e merge d togethe r  t o for m a 

new category ,  wit h a  continuin g th e classificatio n pro -

ces s recursivel y wit h respec t  t o th e ne w bes t  hos t  (max -

imizin g th e increas e i n it s  famil y resemblance) .  I f  n o 

subcategor y experience s improvement ,  the n a  i s  uniqu e 

and a  ne w singleto n categor y i s created . 

Once a  hom e fo r  a  i s  foun d an d al l  categor y descrip -

tion s affecte d hav e bee n updated ,  th e syste m update s th e 

famil y resemblanc e measure s o f  th e categorie s o n th e 

pat h fro m a  t o th e root . 

Classify(a,C) 

Updat e th e descriptio n o f  th e categor y C  usin g a . 

Comput e A F R fo r  eac h o f  C' s subcategories . 

I F a  singl e subcategor y (besthost )  ha s a  positiv e A F R 

T H EN 

I F th e bes t  hos t  i s singleto n 

T H EN cal l  Extend(a ,  bes t  host ) 

E L SE cal l  Classify(a ,  bes t  host ) 

IF many subcategories have a positive AFR 

THEN 

(a )  find  th e subcategorie s whic h ar e a t  leas t  a s 

simila r  t o a  a s th e F R o f  th e paren t  categor y 

(b )  cal l  Merge(a ,  simila r  subcategories ) 

(c )  comput e th e descriptio n o f  th e ne w categor y 

ELSE 

(d )  determin e th e subcategor y (bes t  host )  tha t 

maximize s A F R 

(e )  cal l  CIassify(a ,  bes t  host ) 
E L SE 

(n o subcategor y ha s a  positiv e A F R ) 

cal l  Create(a )  (creat e a  ne w singleto n 

categor y fo r  a ) 

Updat e th e FR s o f  th e categorie s o n th e pat h fro m a  t o 

th e root . 

I F a  merg e wa s don e 

THEN 
searc h tha t  subtre e fo r  an y clas s wit h a  F R les s 

tha n th e F R o f  it s  parent ,  deletin g i f  found ,  pro -

motin g it s childre n on e leve l  higher ,  an d recomput -

in g th e F R o f  th e paren t  o f  th e delete d category . 

Figur e 1 :  Th e classificatio n algorithm . 

Figure 2 presents the retrieval procedure of INC2. We 

begi n b y passin g th e procedur e a n objec t  a  an d th e roo t 

of  th e hierarchy .  Th e nex t  ste p i s t o comput e th e similar -

it y betwee n a  an d eac h o f  C  s  subcategories .  Then ,  th e 

procedur e i s  calle d recursivel y wit h th e subcategor y tha t 

maximize s th e similarit y function .  Th e proces s stop s 

afte r  reachin g a  singleto n category .  Not e tha t  th e 

retrieva l  procedur e utilize s th e similarit y functio n rathe r 

tha n th e concep t  o f  famil y resemblanc e sinc e th e latte r  i s 

neede d mainl y fo r  plausibl e clusterin g o f  objects . 

Retrieve(a,C) 

I F C  i s a  singleto n categor y 

T H EN retur n C 

E L SE 

(a )  comput e th e similarit y betwee n a  an d al l  th e sub -

categorie s o f  C 

(b )  find  th e subcategor y (bes t  candidate )  tha t  maxim -

izfi :  th e similarit y 

(c )  cal l  Retrieve(a ,  bes t  candidate ) 

Figur e 2 :  Th e retrieva l  algorithm . 

Drop Threshold 

Althoug h i t  i s  no t  specifie d i n th e algorithms ,  bot h th e 

classificatio n an d retrieva l  procedure s rel y o n th e dro p 

threshold .  Thi s threshol d allow s fo r  categor y descrip -

tion s t o b e eithe r  probabilisti c o r  logical .  I t  ca n b e se t 

betwee n 0. 0 an d 1. 0 an d mean s tha t  an y featur e whic h 

fall s belo w thi s threshol d i n conditiona l  probabilit y 

shoul d b e droppe d fro m th e descriptio n o f  th e give n 

category .  A  valu e o f  1. 0 fo r  thi s threshol d woul d yiel d a 

logica l  categor y description . 

However ,  th e natur e o f  th e classificatio n proces s call s 

fo r  a  dynamicall y adjustabl e threshol d rathe r  tha n a  fixed 
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one .  Fo r  example ,  a t  th e to p leve l  o f  th e hierarch y al l 

feature s ar e importan t  n o matte r  h o w lo w thei r  probabili -

tie s migh t  be ,  du e t o th e potentia l  nois e i n objec t 

description s a s wel l  a s th e diversit y o f  object s i n th e 

domain .  Therefore ,  th e dro p threshol d shoul d b e se t 

clos e t o 0.0 .  A t  th e lowe r  level s o f  th e hierarchy ,  how -

ever ,  certai n pattern s hav e bee n delected ,  resultin g i n 

hig h conditiona l  probabilitie s fo r  'participatin g features ' 

and ,  consequently ,  lowe r  probabilitie s fo r  th e one s no t 

significantl y presen t  i n thos e patterns .  However ,  sinc e 

al l  categorie s a t  th e lowe r  level s hav e fe w members ,  al l 

th e feature s foun d i n thei r  description s wil l  hav e rela -

tivel y hig h conditiona l  probabilitie s ( 1 ou t  o f  2  stil l  gain s 

th e probabilit y  o f  0.5) .  T o avoi d th e interferenc e o f 

unimportan t  feature s wit h th e retrieva l  process ,  th e dro p 

threshol d shoul d b e se t  clos e t o 1.0 .  Th e intermediat e 

categorie s will ,  then ,  requir e th e dro p threshol d some -

wher e betwee n 0. 0 an d 1.0 ,  dependin g o n th e leve l  o f  th e 

hierarch y (th e lowe r  th e level ,  th e highe r  th e dro p thres -

hold) . 

I n orde r  t o alleviat e thi s problem ,  w e rel y o n famil y 

resemblanc e t o provid e a n estimat e o f  th e dro p threshold . 

As w e state d earlier ,  famil y resemblanc e ca n b e inter -

prete d a s a n estimat e o f  th e categor y compactness .  I t  i s 

naturall y clos e t o 0. 0 a t  th e roo t  (summarizin g th e whol e 

universe )  an d t o 1. 0 a t  th e leaves .  Therefore ,  durin g bot h 

classificatio n an d retrieva l  I N C 2 set s th e dro p threshol d 

t o th e valu e o f  th e famil y resemblanc e o f  th e paren t 

category .  I t  increase s wit h th e objec t  traversin g th e 

hierarch y downward . 

Thi s dynamicall y adjustabl e dro p threshol d an d th e 

fac t  tha t  th e expand ,  merge ,  an d delet e operator s depen d 

on th e famil y resemblanc e o f  th e paren t  categor y (a s 

wel l  a s th e candidat e subcategory' s sibling s i n th e cas e 

of  merge )  represen t  tw o importan t  feature s introduce d b y 

INC2 .  A s a  result ,  I N C 2 perform s a  context-sensitiv e 

classification/retrieva l  du e t o it s adaptiv e behavio r  tha t 

change s fro m leve l  t o leve l  o f  th e hierarchy .  I n tha t  pro -

cess ,  consequently ,  I N C 2 use s differen t  representation s t o 

describ e objects/categorie s a t  differen t  level s o f  th e 

hierarchy ,  possibl y movin g fro m th e probabilisti c 

representatio n (dro p threshol d =  0.0 )  a t  th e to p leve l  t o 

th e logica l  on e (dro p threshol d =  1.0 )  a t  th e leaves . 

Performance Evaluation 

Th e performanc e o f  I N C 2 wa s evaluate d i n th e domain s 

of  soybea n disease ,  breas t  cancer ,  an d primar y tumo r 

cases .  Althoug h a  tru e exper t  i n thes e domain s woul d 

hav e acces s t o m u c h riche r  data ,  w e sho w tha t  th e 

knowledg e representatio n an d algorith m use d b y I N C 2 

yiel d a  usefu l  hierarch y o f  categories .  Th e soybea n 

diseas e domai n wa s selecte d a s a  representativ e o f 

noise-fre e domains ,  whil e th e breas t  cance r  an d primar y 

tumo r  case s include d a  lo t  o f  dat a wit h incorrec t  o r  miss -

in g value s ( a nois y domain) .  I n eac h experiment ,  th e 

informatio n concernin g th e idea l  categor y fo r  a  give n 

objec t  wa s no t  give n t o th e syste m an d trainin g set s wer e 

randoml y bot h selecte d an d ordered . 

Th e soybea n diseas e domai n consiste d o f  forty-seve n 

case s wit h fou r  idea l  categorie s represented .  A  hig h 

number  o f  feature s use d t o describ e th e case s wer e com -

m on t o al l  forty-seve n cases ,  makin g th e domai n ver y 

compact .  Trainin g set s o f  size s five  t o twenty-fiv e i n 

increment s o f  five  wer e selecte d randoml y fro m th e 

domain .  Fo r  assessin g predictio n accurac y (determinin g 

category-membershi p fo r  previousl y unsee n objects) , 

twent y case s wer e randoml y selecte d fro m th e se t  o f 

remainin g cases .  Tabl e 1  show s th e range ,  mean ,  an d 

sampl e standar d deviatio n predictio n accuracie s fo r  five 

experiment s pe r  trainin g se t  size . 

Trainin g Siz e 

(# ) 

5 
10 
15 
20 
25 

Range 

(%) 

75-9 5 

95-10 0 

95-10 0 

95-10 0 

95-10 0 

M e an 

(%) 

82 
98 
99 
99 
99 

Sampl e Std . 

Deviatio n 

10. 4 

2. 7 
2. 2 
2. 2 
2. 2 

Tabl e 1 :  INC2' s predictio n accuracie s fo r  five  experi -

ment s pe r  trainin g se t  siz e i n th e soybea n diseas e 

domain . 

With four ideal categories in the soybean disease 

domain ,  ther e i s a  2 5 % chanc e o f  simpl y guessin g th e 

correc t  diagnosis .  INC2' s predictio n accurac y wa s con -

sistentl y abov e chance ,  eve n a t  lo w level s o f  experience . 

Fro m th e result s summarize d i n th e tabl e 1  i t  i s  obviou s 

tha t  INC2' s performanc e improve s wit h experienc e an d 

tha t  i t  need s a  smal l  portio n o f  object s fro m a  domai n t o 

make a  plausibl e decisio n wit h respec t  t o categor y 

membershi p o f  previousl y unsee n objects . 

Th e breas t  cance r  domain '  (predictio n o f  cance r 

recurrenc e five  year s later )  consiste d o f  28 6 case s wit h 

tw o idea l  categorie s represented ,  ye s an d no .  Th e 

domai n itsel f  ca n b e characterize d a s ver y noisy .  A  tota l 

of  nin e feature s wer e randoml y missin g fro m th e 28 6 

cases ,  wit h n o mor e tha n tw o feature s missin g fro m an y 

on e case .  Ther e wer e case s fro m tw o differen t 

categorie s bearin g th e sam e exac t  description .  Fiv e spe -

cialists ^  wer e presente d thi s dat a an d the n teste d fo r 

diagnosti c accuracy .  The y wer e correc t  6 4 % o f  th e time . 

Dat a fro m thi s domai n wer e provide d b y ih e Institut e o f  Oncol -
og y o f  th e Universit y Medica l  Cente r  i n Ljubljana ,  Yugoslavia . 
Mli e specialist s wer e fro m th e Institut e o f  Oncology ,  Ljubljana . 
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The othe r  oncology-relate d example ,  th e primar y 

tumo r  domain '  (predictio n o f  tumo r  locations) ,  consiste d 

of  33 9 case s wit h 2 0 idea l  categorie s represented .  A  tota l 

of  22 4 feature s wer e randoml y missin g fro m th e 28 6 

cases .  Onc e again ,  ther e wer e case s from  tw o differen t 

categorie s havin g th e sam e exac t  description .  Fou r  inter -

nist s an d fou r  specialists ^  wer e teste d fo r  diagnosti c 

accuracy .  Internist s wer e correc t  3 2 % o f  th e time ,  spe -

cialist s 4 2 % . 

Sinc e th e result s obtaine d i n th e soybea n diseas e 

domai n sugges t  tiia t  2 5 % o f  th e tota l  numbe r  o f  object s 

i n th e domai n i s sufficien t  fo r  estimatin g a  m a x i m u m 

achievabl e performanc e b y th e system ,  w e hav e decide d 

t o us e 2 5 % case s fo r  trainin g an d th e remainin g 7 5 % 

case s fo r  prediction .  Thi s i s i n shar p contras t  wit h othe r 

learnin g system s whic h use d 7 0 % o f  th e object s fo r 

trainin g an d th e remainin g 3 0 % fo r  prediction . 

Tabl e 2  present s th e predictio n accuracie s fo r  tw o 

leaming-from-examplc s system s ( A Q 1 5 [Michalsk i  e t  a l 

1986 ]  an d Assistant-8 6 [Cestni k e t  a l  1987]) ,  huma n 

experts ,  an d INC2 .  Not e tha t  i n a  syste m whic h learn s 

fro m examples ,  trainin g case s ar e associate d wit h th e 

correc t  response ,  an d th e goa l  o f  th e syste m a l  tha t  poin t 

i s  t o find a  se t  o f  rule s whic h wil l  cove r  tha t  dat a an d b e 

usefu l  fo r  classifyin g previousl y unsee n objects . 

u-ainin g se t  t o te n ( 2 5 % o f  th e complet e set) ,  while  vary -

in g th e dro p threshol d fro m 0. 0 t o 1. 0 wit h th e incremen t 

of  0.25 .  Th e result s ar e summarize d i n th e tabl e 3 . 

Syste m 

A Q 15 

Assistant-8 6 
INC 2 

H u m an Expert s 

Breas t  Cance r 

(%) 

66 
78 
69. 2 

64 

Primar y Tumo r 

(%) 

39 
44 
30 
42 

Tabl e 2 :  Mea n predictio n accuracie s fo r  th e oncolog y 

domains .  Th e INC2' s accurac y i s obtaine d b y averagin g 

value s achieve d i n five  run s o n randoml y chose n set s o f 

objects . 

There is a 50% chance of simply guessing the correct 

diagnosi s fo r  th e breas t  cance r  domai n an d 5 % fo r  th e 

primar y tumo r  domain .  INC2' s predictio n accurac y wa s 

shown t o b e significantl y abov e chance .  Furthermore , 

1NC2 compare s t o bot h huma n expert s an d leaming -

from-example s system s give n th e sam e tas k (significantl y 

bette r  i n th e breas t  cance r  domai n tha n i n th e primar y 

tumo r  domain) .  Thi s i s despit e th e fac t  tha t  I N C 2 i s 

neve r  give n an y hel p fro m a  teacher . 

I n orde r  t o evaluat e th e effectivenes s o f  th e fixed-value 

dro p threshol d compare d t o it s variable ,  context-sensitiv e 

alternative ,  w e hav e carrie d ou t  a  sequenc e o f  experi -

ment s i n bot h soybea n an d breas t  cance r  domains .  I n th e 

soybean-diseas e experiment s w e fixed  th e siz e o f  th e 

Dro p 

Threshol d 

0.0 0 

0.2 5 

0.5 0 

0.7 5 

1.0 0 

Range 

(%) 

90-10 0 

100-10 0 

95-10 0 

90-10 0 

95-10 0 

M e an 

(%) 

98 
100 
98 
98 
99 

Tabl e 3 :  Predictio n accuracie s fo r  th e fixed-value  dro p 

threshol d i n th e soybea n diseas e domain . 

The results are obviously equal or slightly better than 

tha t  o f  th e variabl e dro p threshold .  Tha t  i s especiall y tru e 

fo r  th e valu e o f  0.2 5 wit h it s perfec t  score .  However , 

when w e applie d I N C 2 wit h th e dro p threshol d =  0.2 5 t o 

th e breas t  cance r  domai n it s predictio n accurac y droppe d 

fro m 6 9 . 2 % (fo r  th e variabl e dro p threshold )  d o w n t o 

63.3% .  T o mak e sur e tha t  thi s wa s n o acciden t  w e 

checke d th e basi c cas e (dro p threshol d =  0.0) ,  wher e al l 

th e featuie s ar e take n int o consideratio n a t  al l  times ,  an d 

recorde d a  similarl y reduce d performance ,  63.6% .  I t 

seems tha t  th e variable ,  context-sensitiv e dro p threshol d 

provide s a  mor e robus t  alternativ e fo r  nois y domain s 

while  retainin g a  goo d performanc e i n th e noise-fre e 

ones . 

Finally ,  i n orde r  t o estimat e th e effec t  o f  orderin g o f 

object s o n th e resultin g classification ,  w e evaluate d pred -

ictio n accuracie s fo r  five  differen t  rando m ordering s o f 

th e sam e se t  o f  objects .  Tabl e 4  present s th e obtaine d 

results . 

Orderin g 

(# ) 
1 
2 
3 
4 
5 

Accurac y 

(%) 

71. 0 

64. 5 

61. 7 

64. 5 

68. 2 

Tabl e 4 :  Predictio n accuracie s fo r  five  rando m ordering s 

of  th e se t  o f  inpu t  breas t  cance r  cases . 

If we compare the sample standard deviation for the 

dat a presente d i n th e tabl e 4  (3.63 )  an d fo r  th e dat a use d 

t o deriv e th e valu e reporte d fo r  th e breas t  cance r  domai n 

fo r  I N C 2 (4.53 ;  Tabl e 2) ,  a  decreas e o f  2 0 % ,  the n w e 

ca n conclud e tha t  I N C 2 represent s a  relativel y robus t 

incrementa l  categor y formatio n syste m wit h respec t  t o 
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th e orderin g o f  inpu t  objects ,  whic h ha s bee n a  majo r 

drawbac k o f  al l  incrementa l  systems .  Furthermore ,  w e 

sugges t  tha t  th e performanc e o f  differen t  hierarchie s 

rathe r  tha n thei r  for m shoul d b e measure d whe n evaluat -

in g th e effec t  o f  objec t  ordering s o n th e system' s perfor -

mance. 

Previous Work 

Most  existin g categor y formatio n system s us e hill -

climbin g method s t o Gn d suboptima l  clustering s o f 

object s t o b e characterize d an d creat e nondisjoin t 

categor y descriptions .  Fiv e existin g system s whic h shar e 

thes e feature s ar e C O B W EB (Fishe r  1987) ,  CLASSI T 

(Gennari ,  Ungley ,  &  Fishe r  1989) ,  U N I M E M (Lebowit z 

1987) ,  C Y R US (Kolodnc r  1984) .  an d W I T T (Hanso n & 

Bauer  1989) . 

Out  o f  th e aforementione d incrementa l  concep t  forma -

tio n systems ,  INC 2 i s mos t  simila r  t o C O B W E B.  The y 

utiliz e simila r  distribute d probabilisti c  concep t  represen -

tatio n formalis m an d operators .  However ,  INC 2 possesse s 

severa l  feature s tha t  significantl y distinguis h i t  no t  onl y 

fro m C O B W EB bu t  fro m al l  othe r  system s a s well : 

I .  Famil y resemblanc e provide s a n estimat e o f  categor y 

compactness ,  whic h i s use d b y INC 2 to :  (a )  introduc e a n 

objective ,  domain-adaptive ,  context-sensitiv e bia s fo r 

classification ;  (b )  implemen t  a  variable ,  context-sensitiv e 

representatio n o f  concepts ,  thu s focusin g onl y o n impor -

tan t  feature s i n th e curren t  context ;  (c )  measur e a n 

improvemen t  ove r  a  singl e categor y i n additio n t o th e 

improvemen t  ove r  th e whol e leve l  o f  th e hierarchy ,  thu s 

utilizin g finer-grained  informatio n t o guid e classification ; 

and (d )  achiev e a  relativ e robustnes s wit h respec t  t o 

objec t  orderings . 

II .  INC 2 seek s tree-structure s tha t  optimiz e no t  onl y th e 

lo p leve l  o f  th e hierarchy ,  bu t  th e hierarch y a s a  whole . 

ni .  I t  introduce s n o constraint s o n inpu t  object s (the y 

may b e hierarchie s o f  object s o n thei r  own) . 

Conclusion 

INC 2 incrementall y build s a  hierarch y o f  categor y 

description s base d o n a  se t  o f  object s describe d wit h 

nomina l  and/o r  structura l  attributes .  Th e syste m i s base d 

on ou r  ow n interpretatio n o f  bot h famil y resemblanc e 

and contras t  mode l  theories .  I t  use s a  context-sensitiv e 

threshol d t o eliminat e al l  irrelevan t  feature s fro m concep t 

descriptions ,  thu s effectivel y introducin g a n adaptive , 

context-dependen t  representatio n o f  concepts .  Perfor -

mance ha s bee n show n t o b e comparabl e t o bot h huma n 

expert s an d leaming-from-exampl e systems . 

Futur e researc h wil l  involv e thre e directions :  (a )  reduc -

in g th e numbe r  o f  step s require d t o comput e famil y 

resemblanc e fo r  categorie s wit h man y children ,  (b ) 

enhancin g th e representatio n wit h continuou s (linear ) 

attributes ,  an d (c )  performin g furthe r  experiment s i n 

orde r  t o objectivel y evaluat e th e INC2' s result s i n th e 

ligh t  o f  bot h fa n an d typicalit y effect s a s wel l  a s th e 

structur e o f  categories . 
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