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Many studies of category learning have emphasized a single role of the concept that is 
learne d -namely ,  th e concep t  a s a  mechanis m fo r  classifyin g object s an d discriminatin g the m fro m 
members o f  othe r  categories .  Recently ,  researcher s hav e note d tha t  concept s hav e man y purpose s 
beside s classification-prediction ,  communication ,  explanation ,  goa l  attainment ,  an d s o on .  Thi s 
pape r  present s a  stud y tha t  varie d th e role s o f  concept s durin g a  classificatio n learnin g task . 
Specifically ,  on e grou p o f  subject s (th e discriminatio n group )  wa s give n standar d instruction s t o 
lear n abou t  pair s o f  categories .  A  secon d grou p o f  subject s (th e goa l  group )  wa s give n thes e 
instruction s bu t  als o informe d abou t  th e function s o f  th e categories .  Th e result s o f  th e stud y 
sugges t  tha t  th e tw o group s forme d differen t  concepts ,  eve n thoug h the y sa w th e sam e example s o f 
th e categories .  Th e concept s o f  th e discriminatio n grou p wer e base d o n thos e feature s i n th e 
example s tha t  ha d predictiv e value-feature s wit h hig h cu e an d categor y validity .  I n contrast ,  th e 
concept s o f  th e goa l  grou p wer e base d o n predictiv e feature s an d feature s tha t  wer e importan t  t o th e 
functio n o f  th e categor y (calle d "core "  features) .  Relativ e t o th e discriminatio n group ,  th e goa l 
grou p place d les s emphasi s o n predictiveness .  Th e result s ar e discusse d i n term s o f  thei r 
implication s fo r  standar d classificatio n task s i n psycholog y an d explanation-base d an d similarity -
base d approache s i n machin e learning . 

INTRODUCTION 

In many category learning tasks, the experimenter presents examples of two or more categories, 
and subject s lear n concept s tha t  allo w the m t o discriminat e member s o f  on e categor y fro m thos e o f 
others .  Thes e task s provid e insigh t  int o th e genera l  natur e o f  people' s concept s (e.g. ,  Reed ,  1972 ; 
Rosch ,  Simpson ,  &  Miller ,  1976 ;  Medin ,  Wattenmaker ,  &  Michalski ,  1987 ;  Nosofsky ,  Clark ,  & 
Shin ,  1989).Thi s paradig m i s simila r  t o th e similarity-base d learnin g paradig m i n machin e 
learning .  I n similarity-base d learning ,  a  progra m examine s a  numbe r  o f  example s o f  differen t 
categorie s an d create s generalize d description s (concepts )  o f  thos e categories .  Th e description s 
enabl e th e progra m t o identif y ne w categor y member s (se e Dietteric h &  Michalski ,  1983 ;  Fishe r  & 
Langley ,  1985 ,  fo r  overview s o f  thes e systems) . 

There are at least two problems with this approach, however. First, it focuses people and programs 
on formin g concept s tha t  emphasiz e onl y on e o f  man y role s tha t  concept s ca n hav e (i.e. , 
classificatio n o r  discrimination) .  Th e importanc e o f  th e concep t  i s fo r  accuratel y classifyin g 
categor y members .  However ,  concept s mus t  represen t  informatio n abou t  a  categor y othe r  tha n tha t 
use d t o identif y  it s members .  Otherwise ,  wh y hav e concepts ? I n th e rea l  world ,  peopl e don' t  fom i 
concept s solel y t o us e the m t o identif y objects .  Objec t  classificatio n i s jus t  on e o f  man y role s o f  a 
concept .  Othe r  role s o f  concept s includ e usin g the m t o attai n goals ,  construc t  explanations ,  mak e 
predictions ,  an d s o o n (Schank ,  Collins ,  &  Hunter ,  1986 ;  Matheus ,  Rendell ,  Medin ,  & 
Goldstone ,  1989) .  Second ,  th e approac h focuse s peopl e an d program s o n formin g concept s tha t 
ar e base d onl y o n informatio n tha t  i s explici t  i n th e trainin g example s (bu t  se e Step p &  Michalski , 
1986) .  A s a  result ,  i t  ignore s th e effec t  o f  backgroun d knowledg e o n concep t  formation .  I n th e rea l 
world ,  peopl e inductivel y lea m abou t  categorie s b y integratin g backgroun d knowledg e wit h th e 
informatio n provide d i n th e examples .  Som e o f  thi s backgroun d knowledg e include s people' s 
basic ,  commo n sens e theorie s o f  th e worl d (Murph y &  Medin ,  1985 ;  Medi n &  Wattenmaker , 
1986 ;  Murph y &  Wisniewski ,  i n press ;  Pazzan i  &  Schulenburg ,  1989) . 
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I n general ,  b y emphasizin g onl y th e classificatio n rol e tha t  concept s pla y an d b y ignorin g th e 
importanc e o f  backgroun d knowledge ,  thes e learnin g task s ma y obscur e th e natur e o f  people' s 
concept s an d th e processe s tha t  the y us e t o for m them .  Thi s pape r  examine s difference s i n 
conceptua l  structur e tha t  resul t  whe n differen t  role s o f  concept s an d differen t  kind s o f  backgroun d 
knowledg e ar e emphasized .  Th e result s o f  a n experimen t  sugges t  that :  i )  peopl e for m differen t 
concept s fro m th e sam e se t  o f  trainin g examples ,  whe n differen t  role s o f  th e concep t  ar e 
emphasized ,  an d ii )  peopl e represen t  informatio n abou t  a  categor y othe r  tha n tha t  use d t o identif y 
it s  member s (e.g. ,  informatio n relevan t  t o achievin g goals) . 

EXPERIMENT 1 

Undoubtedly, our concepts of objects contain a large amount of information about the functions of 
object s (Barsalou ,  1982) .  Thi s informatio n i s importan t  i n achievin g goals .  A s a n example , 
conside r  one' s concep t  o f  washin g machin e an d it s functio n "t o clea n clothes. "  T o achiev e th e goa l 
of  cleanin g clothes ,  w e kno w tha t  clothes ,  soap ,  an d wate r  mus t  b e place d i n th e machine ,  i t  mus t 
be turne d on ,  variou s dial s mus t  b e set ,  an d s o on .  Whil e thes e feature s ar e importan t  i n achievin g 
a particula r  goal ,  an y on e o f  th e feature s ma y no t  b e particularl y predictiv e o f  categor y 
membership .  Fo r  example ,  th e featur e "contain s water "  i s  a  propert y o f  man y thing s an d coul d no t 
be use d t o classif y a n objec t  a s a  washin g machine .  Yet ,  th e featur e i s crucia l  t o ou r  understandin g 
of  washin g machines .  Thi s reasonin g suggest s tha t  whe n leamin g abou t  categories ,  providin g 
peopl e wit h thei r  function s ma y induc e the m t o searc h fo r  feature s tha t  ar e relevan t  t o thos e 
function s an d t o incorporat e the m int o thei r  conceptua l  representations .  Providin g thes e function s 
emphasize s th e goal-achievemen t  rol e o f  a  concep t 

In the following experiment, different conceptual roles were emphasized by either informing or 
not  informin g subject s abou t  th e function s o f  th e categorie s tha t  the y wer e leamin g about .  I n thi s 
study ,  on e grou p o f  subject s wa s onl y insuncte d t o lear n th e categorie s (th e "classification " 
group) .  Becaus e thes e instruction s emphasiz e th e classificatio n rol e o f  concepts ,  w e reasone d tha t 
subject s migh t  loo k fo r  feature s tha t  identif y th e member s o f  a  give n categor y an d exclud e thos e o f 
othe r  categories .  Wha t  wil l  mak e a  featur e importan t  i s tha t  i t  hav e hig h cu £ an d categor y validity . 
Cue validit y i s  th e probabilit y  tha t  give n a  particula r  feature ,  a n objec t  belong s t o a  category . 
Categor y validit y i s th e probabilit y  tha t  give n a n objec t  belongin g t o th e category ,  i t  ha s th e featvu-e . 
So,  fo r  example ,  i f  th e featur e o f  colo r  allow s on e t o discriminat e al l  member s o f  on e categor y 
fro m anothe r  ( a featur e wit h perfec t  categor y an d cu e validity) ,  the n tha t  featur e wil l  b e 
incorporate d int o a  person' s concept .  O n th e othe r  hand ,  subject s wh o ar e informe d abou t  th e 
function s o f  th e categorie s (th e "goal "  group )  shoul d als o loo k fo r  feature s tha t  ar e relevan t  t o 
achievin g th e categor y function .  So ,  fo r  example ,  give n th e functio n "use d fo r  underwate r  publi c 
transport, "  subject s migh t  conside r  th e features ,  "ha s a  propeller "  an d "emit s sonar "  a s importan t 
fo r  achievin g th e function . 

Method 

Subjects. Subjects were 24 students at the University of Illinois who participated in the experiment 
as par t  o f  cours e credit . 

Materials. Three category pairs were used. Each category was given a two-syllable nonsense name 
suc h a s m o m ek o r  donker .  Fou r  type s o f  feature s wer e use d t o construc t  th e trainin g example s o f  a 
category .  A  featur e coul d b e classifie d a s predictiv e o r  non-predictiv e an d cor e o r  superficial .  A 
predictiv e featur e wa s on e wit h hig h cu e an d categor y validit y (se e defmition s above) .  Al l  o f  th e 
example s tha t  containe d a  predictiv e featur e wer e member s o f  th e categor y (hig h cu e validity )  an d 
8 0 % o f  th e categor y member s ha d th e featur e (hig h categor y validity) .  Non-predictiv e feature s 
occurre d equall y ofte n i n th e example s o f  bot h categorie s o f  a  give n pair .  Specifically ,  the y 
occurre d i n 8 0 % o f  th e member s o f  bot h categories .  Beside s bein g predictiv e o r  non-predictive ,  a 
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feature was either core or superficial. A core feature was one that was especially relevant to the 
category' s function .  Fo r  example ,  th e functio n o f  on e categor y wa s "fo r  killin g bugs. "  A  cor e 
featur e o f  th e categor y wa s "contain s poison. "  A  superficia l  featur e wa s on e tha t  wa s no t 
particularl y relevan t  t o th e category' s function .  Fo r  example ,  th e featur e "manufacture d i n Rorida " 
i s no t  particularl y relevan t  t o th e functio n "fo r  killin g bugs. "  Tabl e 1  list s th e feature s tha t  wer e 
use d t o construc t  th e example s o f  th e categor y pairs ,  alon g wit h thei r  functions .  Th e structur e o f 
eac h categor y containe d thre e superficia l  feature s (tw o predictiv e an d on e non-predictive )  an d tw o 
cor e feature s (on e predictiv e an d th e othe r  non-predictive) .  On e o f  th e superficial-nonpredictiv e 
feature s o f  a  categor y wa s th e core-nonpredictiv e featur e o f  it s  contras t  categor y (se e Tabl e 1) . 

The training examples that were presented to subjects consisted of all possible combinations of 
fou r  o f  th e fiv e feature s fro m eac h category .  I n addition ,  tw o "random "  feature s wer e adde d t o 
eac h example .  Thes e feature s appeare d equall y ofte n wit h example s o f  bot h categorie s i n a  pair .  T o 
make th e rando m features ,  tw o stimulu s dimension s wit h tw o value s eac h wer e selecte d fo r  eac h 
categor y pair .  Fo r  example ,  th e tw o dimension s selecte d fo r  th e donker/oosta p categor y pai r  wer e 
"color "  (wit h th e value s gra y an d blue )  an d "develope d by "  (wit h th e value s Japanes e compan y an d 
America n company ^  A  valu e fro m eac h dimensio n wa s the n randoml y selecte d fo r  eac h example . 
Ther e wer e 1 5 trainin g example s (consistin g o f  si x features )  fro m eac h category .  Eac h exempla r 
was represente d a s a n alphabetize d lis t  o f  feature s o n a n inde x card .  Subject s i n th e functio n grou p 
als o sa w th e functio n o f  eac h categor y type d i n bold-fac e abov e eac h learnin g example . 

There were 10 test examples from each category, divided into four types. The superficial-core* 
typ e containe d th e tw o superficial-predictiv e feature s o f  th e categor y an d th e tw o cor e feature s o f 
th e (other )  contras t  category .  Fou r  tes t  example s o f  thi s typ e wer e constructe d b y addin g a  differen t 
combinatio n o f  tw o rando m feature s t o th e cor e an d superficia l  features .  Ther e wer e tw o tes t 
example s o f  th e cor e type ,  consistin g o f  th e tw o cor e feature s o f  th e categor y an d differen t 
combination s o f  tw o rando m features .  Ther e wer e tw o tes t  example s o f  th e superficia l  type , 
consistin g o f  th e tw o superficial-predictiv e feature s o f  th e categor y an d differen t  combination s o f 
tw o rando m features .  Finally ,  ther e wer e tw o tes t  example s o f  th e superficial-cor e type .  Eac h o f 
thes e example s consiste d o f  th e thre e superficia l  feature s an d tw o cor e feature s o f  th e categor y an d 
one rando m feature .  Tabl e 2  show s a n exampl e o f  eac h typ e fo r  th e m o m ek category .  Notic e tha t 
non e o f  th e tes t  example s ar e ambiguou s i n tha t  the y al l  contai n mor e predictiv e feature s o f  on e 
categor y tha n th e other . 

Procedure. Subjects read instructions telling them that they were to learn various categories of 
object s b y readin g description s o f  individua l  objects .  Th e instruction s als o mentione d tha t  the y 
woul d se e ne w example s o f  th e object s an d tha t  the y woul d hav e t o decid e whic h kin d o f  objec t 
eac h exampl e was .  Th e tas k wa s introduce d b y wa y o f  example .  Subject s wer e tol d t o imagin e tha t 
the y di d no t  kno w wha t  car s an d airplane s were .  The y woul d b e show n som e example s o f  car s an d 
airplane s an d ha d t o figur e wh y th e example s o f  ca r  wer e car s an d wh y th e example s o f  airplan e 
wer e airplanes .  Then ,  the y woul d se e ne w example s an d hav e t o decid e whethe r  the y wer e car s o r 
airplanes .  I n addition ,  th e functio n grou p wa s tol d tha t  knowin g wha t  a n objec t  i s  use d fo r  (it s 
function )  i s helpfu l  i n learnin g abou t  tha t  object .  The y wer e als o tol d tha t  the y woul d se e 
description s o f  eac h category' s function . 

For practice, subjects first learned two categories (unrelated to the experimental categories) to give 
the m a n ide a o f  th e difficult y o f  th e task .  Next ,  th e experimenta l  categorie s wer e taught .  Th e 
randomize d example s o f  th e tw o contras t  categorie s wer e presente d o n inde x cards ,  an d subject s 
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Tabl e 1 .  Feature s use d t o construc t  example s o f  th e categor y pair s 
and thei r  functions . 

Mnrne k 

Function: for killing bugs 

spraye d o n plant s C- P 
contain s poiso n C - N P 
contain s a  stick y substanc e S-N P 
store d i n a  garag e S- P 
manufacture d i n Florid a S- P 

Ardon: 

Function: warns people about leaking gas 

has a  re d flashing  ligh t  C- P 
makes a  lou d nois e C - N P 
has a  vacuu m chambe r  S-N P 
box-shape d S- P 
turne d o n b y a  dia l  S- P 

PftnH^r; 

Function; rgads printed tgxt to pwplg 
emit s wor d sound s C- P 
contain s speaker s C - N P 
has a  propelle r  S-N P 
made o f  platinu m S- P 
cost s thousand s o f  dollar s S- P 

riape l 

Function: for wallpapering 

spraye d o n wall s C- P 
contain s poiso n S-N P 

contain s a  stick y substanc e C - N P 
store d i n a  basemen t  S- P 

manufacture d i n Ohi o S- P 

Carpal; 

Function: used to suck up water 

has a  rubbe r  hos e C- P 
makes a  lou d nois e S-N P 

has a  vacuu m chambe r  C - N P 
barrel-shape d S- P 

turne d o n b y a  butto n S- P 

Oostap; 

Function: underwater public transport 

emit s sona r  C- P 
contain s speaker s S-N P 

has a  propelle r  C - N P 
made o f  stee l  S- P 

cost s million s o f  dollar s S- P 

C-P:  cor e predictiv e 
C-NP:  cor e non-predictiv e 
S-P:  superficia l  predictiv e 
S-NP:  superficia l  non-predictiv e 

Tabl e 2 .  E x a m p l e s o f  th e tes t  item s fo r  th e m o m e k category . 

Stipgrfigial-corg * 

store d i n th e garag e S- P 
manufacture d i n Florid a S- P 
contain s a  stick y substanc e C - N P * 
spraye d o n wall s C-P * 
bes t  i f  use d withi n 1  yea r  R 

gtipgrfigial 

store d i n a  garag e S- P 
manufacture d i n Florid a S- P 
bes t  i f  use d withi n 1  yea r  R 
came i n a  16-ounc e containe r  R 

S-P:  superficia l  predictiv e 
C-P :  cor e predictiv e 
C-P* :  cor e predictiv e (o f  contras t  category ) 
R:  rando m 

contain s poiso n C - N P 
spraye d o n plant s C- P 

bes t  i f  use d withi n 5  year s R 
came i n a  32-ounc e containe r  R 

SHpgrficial-cor g 

store d i n a  garag e S- P 
manufacture d i n Horid a S- P 

contain s a  stick y substanc e S-N P 
contain s poiso n C - N P 
spraye d o n plant s C- P 

bes t  i f  use d withi n 1  yea r  R 

S-NP:  superficia l  non-predictiv e 
C - N P:  cor e non-predictiv e 
C-NP* :  cor e non-predictiv e (o f  contras t  category ) 
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were given 12 sec to study each item. A timer beeped every 12 sec to mark the time. Subjects 
learne d abou t  thre e pair s o f  contras t  categories .  Al l  possibl e order s o f  th e pair s wer e presente d an d 

orde r  wa s counterbalance d acros s subjects .  Afte r  subject s ha d learne d al l  thre e categor y pairs ,  the y 

classifie d th e 6 0 tes t  example s (1 0 fro m eac h category) ,  presente d i n rando m order .  Eac h ite m 

consiste d o f  a  lis t  o f  feature s followe d b y a  ratin g scale ,  an d eac h wa s presente d o n a  separat e 

sheet .  Th e ratin g scal e aske d subject s t o indicat e whic h o f  th e tw o contras t  categorie s the y though t 

th e objec t  wa s i n an d t o indicat e thei r  confidenc e o n a  1  t o 7  scale .  A  1  wa s th e mos t  confiden t 

valu e fo r  on e categor y o f  th e pai r  an d a  7  wa s th e mos t  confiden t  valu e fo r  th e other .  Subject s wer e 

instructe d t o us e th e othe r  number s o f  th e scal e t o indicat e intermediat e degree s o f  confidence .  I t 

was assume d tha t  certaint y ratin g i s closel y relate d t o th e typicalit y o f  th e exampl e t o th e categor y 

(se e M u r p h y &  Wisniewski ,  i n press) .  Th e whol e experimen t  too k abou t  4 5 minute s t o complete . 

Results and Discussion 

The mean confidence ratings for the types of test examples are shown in Table 3. 

Recal l  tha t  non e o f  th e tes t  example s wer e ambiguou s i n tha t  the y al l  containe d mor e predictiv e 

feature s o f  on e categor y tha n it s contras t  category .  I n th e table ,  th e highe r  th e rating ,  th e mor e 

confiden t  subject s wer e tha t  a  tes t  exampl e wa s a  m e m b er  o f  thi s mor e predictabl e category .  Al l  o f 

th e statistica l  analyse s repone d ar e t-test s fo r  paire d comparisons . 

Table 3. Confidence ratings for test examples. 

Function Discrimination 

superficial-core* 4.00 5.02 

cor e 6.1 6 5.9 3 

superficia l  6.0 4 6.3 6 

superficial-cor e 6.4 3 6.5 4 

There were several important findings. First, compared to the discrimination group, the goal group 

was mor e confiden t  tha t  th e superficial-core *  item s belonge d t o th e les s predictabl e category .  Thes e 

item s containe d onl y on e predictiv e featur e o f  thi s categor y ( a cor e feature )  compare d t o tw o 

predictiv e feature s o f  it s  contras t  categor y (bot h superficial) .  T h e m e a n certaint y scor e wa s 4.0 0 fo r 

th e goa l  grou p compare d t o 5.0 2 fo r  th e discriminatio n group .  I n fact ,  th e goa l  grou p rate d al l  2 4 

of  th e superficial-core *  item s lowe r  tha n th e discriminatio n group .  Thi s differenc e wa s highl y 

significant ,  t(23 )  =  11.96 ,  p  <  .001 ,  i n th e ite m analysis .  Th e ratin g differenc e wa s als o 

considerabl y large r  tha n an y othe r  difference s betwee n ite m type s a m o n g th e tw o groups .  Second , 

th e discriminatio n grou p rate d th e superficia l  item s highe r  tha n the y rate d th e cor e item s (6.3 6 

versu s 5.93) .  Thi s differenc e wa s significant ,  t(ll )  =  2.33 ,  p  <  .05 ,  i n th e subjec t  analysis .  I n 

contrast ,  th e goa l  grou p rate d th e cor e item s slighti y highe r  tha n the y rate d th e superficia l  item s 

(6.1 6 versu s 6.04) ,  althoug h thi s differenc e wa s no t  significan t  Finally ,  th e discriminatio n grou p 

rate d th e superficia l  item s highe r  tha n th e goa l  grou p (6.3 6 versu s 6.04) ,  a  differenc e tha t  wa s 

significant ,  t( l  1 )  =  2.48 ,  p  <.05 ,  i n th e ite m analysis .  I n contrast ,  th e goa l  grou p rate d th e cor e 

item s slightl y highe r  tha n th e discriminatio n grou p (6.1 6 versu s 5.93) ,  althoug h thi s differenc e 

w as onl y marginall y significant ,  t( l  1 )  =  1.84 ,  p  <  .10 ,  i n th e ite m analysis . 

Taken together, the results suggest that the goal and discrimination groups formed different 

concepts ,  despit e bein g presente d wit h th e sam e example s o f  a  category .  Th e discriminatio n group , 

give n standar d instruction s t o lear n categories ,  forme d concept s tha t  wer e base d o n predictiv e 

features .  T w o result s suppor t  thi s conclusion .  First ,  th e discriminatio n grou p rate d di e superficia l 

item s a s bette r  example s o f  thei r  categor y tha n th e cor e items .  Th e superficia l  item s containe d mor e 
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predictive features than the core items (two versus one). Second, given items containing two 
predictiv e feature s o f  on e categor y an d on e predictiv e featur e o f  it s  contras t  categor y (th e 
superficial-core *  items) ,  subject s rate d th e item s a s bette r  member s o f  th e predictiv e category . 

On the other hand, the goal group, provided with information about the category function, formed 
concept s tha t  emphasize d bot h predictiv e feature s an d feature s tha t  wer e relevan t  t o th e functio n 
(th e cor e features) .  Cleiirly ,  th e cor e feature s wer e importan t  i n th e conceptua l  representation s o f 
th e functio n group .  Compare d wit h th e discriminatio n group ,  subject s i n thi s grou p rate d th e 
superficial-core *  item s a s mor e typica l  o f  th e les s predictabl e category .  Presumably ,  subject s ha d 
represente d th e cor e feature s o f  thes e item s a s importan t  informatio n abou t  th e functio n o f  th e les s 
predictabl e category .  Furthermore ,  th e goa l  grou p rate d th e cor e item s a s slightl y bette r  example s 
of  th e categor y tha n th e superficia l  items-eve n thoug h th e superficia l  item s containe d mor e 
predictiv e feature s an d on e o f  cor e feature s o f  eac h cor e ite m wa s nonpredictive . 

GENERAL DISCUSSION 

The strategies used by the subjects in this experiment are somewhat similar to explanation-based 
learnin g o r  E B L (Dejon g &  Mooney ,  1986) .  Whe n provide d wit h categor y functions ,  peopl e 
incorporate d feature s fro m th e trainin g example s int o thei r  concept s tha t  wer e relevan t  t o thos e 
functions .  Mos t  likely ,  peopl e use d thei r  intuitiv e theorie s o f  th e worl d t o determin e th e relevan t 
feature s (se e als o Murph y &  Medin ,  1985 ;  Medi n &  Wattenmaker ,  1987) .  Fo r  example ,  whe n 
informe d tha t  th e categor y member s wer e use d "fo r  killin g bugs, "  peopl e ma y hav e use d thei r  basi c 
knowledg e o f  th e worl d tha t  poiso n kill s  animat e thing s an d tha t  insect s inhabi t  plant s an d ofte n 
destro y them ,  t o determin e tha t  th e feature s "contain s poison "  an d "spraye d o n plants "  ar e 
importan t  aspect s o f  th e categor y members .  People' s us e o f  theorie s i s simila r  t o a n E B L progra m 
tha t  use s it s domai n theor y t o explai n wh y a  trainin g instanc e i s a n exampl e o f  som e high-leve l 
concep t  (ofte n functiona l  i n nature) .  O n th e othe r  hand ,  people' s strategie s wer e differen t  fro m 
E BL i n severa l  ways .  First ,  man y E B L program s construc t  a  deductiv e proo f  (explanation )  fo r 
why a  singl e exampl e fit s  a  high-leve l  concept .  The y the n inductivel y generaliz e thi s explanatio n t o 
for m a  ne w concept .  Feature s ar e no t  include d i n th e ne w concep t  i f  the y ar e no t  par t  o f  th e 
explanation .  I n contrast ,  subject s i n th e goa l  grou p probabl y constructe d plausibl e explanation s (a s 
oppose d t o deductiv e proofs )  fo r  wh y categor y member s fi t  thei r  functions .  The y als o incorporate d 
non-explanator y (bu t  predictive )  feature s int o thei r  concepts .  Curren t  E B L program s discar d suc h 
features . 

The results of this study have implications for several areas of cognitive science. In psychology, 
th e finding s sugges t  tha t  th e standar d classificatio n learnin g paradig m provide s a  limite d vie w o n 
th e natur e o f  concept s an d th e processe s tha t  ar e use d t o construc t  the m (se e als o Schank ,  Collins , 
& Hunter ,  1986) .  Researcher s hav e generall y focuse d o n on e purpos e o r  rol e o f  concepts-namely , 
thei r  rol e a s representation s tha t  allo w on e t o classif y o r  discriminat e objects . 
As wit h th e classificatio n paradig m i n psychology ,  man y similarity-base d approache s i n machin e 
learnin g primaril y focu s o n thi s role .  Yet ,  concept s hav e a  numbe r  o f  differen t  purpose s (Matheus , 
et  al .  provid e a  usefu l  taxonomy) .  I t  i s  importan t  t o stud y concep t  acquisitio n an d us e i n context s 
tha t  highligh t  thes e purposes .  I n fact ,  differen t  purpose s o f  a  concep t  ma y interac t  wit h it s purpos e 
as a  classificatio n mechanism .  Thus ,  standar d classificatio n task s ma y b e furthe r  limite d i n thei r 
emphasi s o n th e classificatio n rol e t o th e exclusio n o f  othe r  roles .  T o tak e a  simpl e example ,  i t 
migh t  b e th e cas e tha t  som e combinatio n o f  simpl e feature s (i.e. ,  a  higher-orde r  feature )  achieve s 
an object' s functio n an d tha t  th e combinatio n i s als o predictiv e o f  categor y membership .  I n a 
standar d classificatio n task ,  findin g suc h a  combinatio n migh t  b e extremel y difficult ,  give n th e 
proble m o f  combinatoria l  explosion .  However ,  th e searc h fo r  suc h a  combinatio n ca n b e 
constraine d b y knowin g th e functio n o f  th e category . 
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