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Abstrac t 

Approaches to concept formation tend to rely solely on 
similaritie s i n th e data ,  wit h th e fe w tha t  tak e int o con -
sideratio n causalitie s i n th e backgroun d knowledg e do -
in g s o prio r  t o o r  upo n completio n o f  a  similarity-base d 
learnin g phase .  I n thi s paper ,  w e examin e a  multistrate -
gi c approac h t o misconceptio n discover y tha t  utihzc s 
dat a an d theor y i n a  mor e tightl y couple d way . 

Introduction 

Most  conceptua l  clusterin g system s fo r  th e unsupervise d 
formatio n o f  concept s i n Artificia l  Intelligenc e (AI )  ten d 
t o rel y solel y o n similaritie s i n th e data ,  a  tendenc y 
tha t  likewis e characterize s m u c h o f  concep t  learnin g re -
searc h i n cognitiv e psycholog y (Komatsu ,  1992) .  Re -
cently ,  however ,  th e increas e i n th e numbe r  o f  suc h work s 
as thos e o f  Barsalo u (1991) ,  Rip s an d Collin s (1993) ,  an d 
Wisniewsk i  an d Medi n (1994 )  revea l  a n increasin g dis -
satisfactio n i n cognitiv e psycholog y ove r  similarity-base d 
models '  cilmos t  exclusiv e relianc e o n dat a an d a n increas -
in g interes t  i n th e rol e o f  theorie s an d goal s i n concep t 
formation . 

Ther e are ,  t o b e sure ,  combine d similarity-base d (SB ) 
an d explanation-base d (EB )  A I  learnin g system s tha t 
use dat a an d theor y t o lear n concepts ,  whethe r  wit h 
or  withou t  supervision, ^  e.g. ,  (Lebowitz ,  1986 ;  Pazzani , 
1993 ;  Flan n &  Dietterich ,  1989 ;  Moone y &  Ourston , 
1989 ;  an d Yo o &  Fisher ,  1991) .  Wisniewsk i  an d Medi n 
(1994) ,  however ,  notin g tha t  thes e system s trea t  S B 
an d E B learnin g a s phase s tha t  ar e performe d on e af -
te r  th e other ,  argu e cogentl y tha t  suc h loosel y couple d 
approache s t o usin g dat a an d theory ,  whil e undoubtedl y 
useful ,  remai n inadequat e a s model s o f  concep t  forma -
tion .  Thi s inadequac y become s eve n mor e pronounce d 
when dealin g wit h misconceptions . 

I n genera l  terms ,  a  misconceptio n i s a n incorrec t  un -
derstandin g o f  a  concep t  o r  procedur e tha t  result s i n 
systemati c discrepancie s i n behavio r  (e.g. ,  bug s i n a  pro -
gram) .  Thes e discrepancie s ca n b e expresse d a s rela -

^  Supervisio n mean s supplyin g th e learne r  wit h informa -
tio n (calle d labels )  abou t  th e cla.s s o r  concep t  t o whic h a n 
objec t  o r  even t  belongs .  Thus ,  th e supervise d learner' s tas k 
i s t o formulat e a  correc t  characterizatio n o f  a  give n concep t 
or  se t  o f  concepts .  I n unsupervise d learning ,  whic h i s thi s 
paper' s concern ,  object s ar e unlabele d an d s o th e leEtrner' s 
tas k involve s determinin g th e concept s tha t  exis t  amon g th e 
object s a s wel l  a s chsiracterizin g thes e concepts . 

tiona l  description s — logi c formula s tha t  describ e spe -
cifi c  relation s (i.e. ,  th e discrepancies )  betwee n a  give n 
behavio r  an d a n idea l  one .  Figur e 1  illustrates . 
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Figur e 1 :  Discrepancie s i n behavio r 

The figure shows an ideal behavior in the form of 
th e correc t  claus e o f  a  P R O L OG progra m fo r  reversin g 
th e orde r  o f  a  lis t  o f  elements .  T h e claus e ha s a  head , 
revers e (  [HIT ]  ,R ) ,  whic h state s tha t  th e revers e o f  a  lis t 
tha t  i s m a d e u p o f  a  first  element ,  H ,  calle d th e list' s  head , 
an d a  sublist ,  T ,  calle d th e list' s  tail ,  i s  R .  R  i s compute d 
i n th e clause' s body ,  whic h ha s tw o subgoals .  Th e first 
subgoal ,  reverse(T,T1) ,  state s tha t  th e revers e o f  th e 
lis t  T  (recal l  tha t  T  i s th e tai l  o f  th e lis t  bein g reversed )  i s 
Tl .  Th e secon d subgoal ,  append(Tl ,  [H ]  ,R ) ,  state s tha t 
R i s jus t  th e concatenatio n o f  th e lis t  T l  (which ,  accord -
in g t o th e previou s subgoa l  i s  th e revers e o f  th e tai l  o f 
th e lis t  t o b e reversed )  an d th e elemen t  H .  I n short ,  th e 
claus e a. s a  whol e state s tha t  th e revers e o f  a  lis t  i s  th e 
concatenatio n o f  th e revers e o f  it s tai l  an d it s head . 

Belo w th e correc t  claus e i n th e figure  i s a  claus e writ -
te n b y a  student .  Th e student' s claus e differ s fro m th e 
idea l  on e i n tw o ways .  First ,  th e student' s claus e ha s 
[T l  IH ]  i n th e hea d instea d o f  R.  Second ,  i t  ha s onl y on e 
subgoal ,  tha t  fo r  reversin g th e tai l  T .  Thes e tw o discrep -
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ancie s ar e liste d i n relationa l  logi c for m i n th e botto m 
of  th e figure.  Knowledg e abou t  th e misconceptio n tha t 
cause d suc h discrepancie s ca n improv e studen t  remedi -
atio n an d lesso n presentation .  Thi s pape r  examine s a n 
approac h towar d th e automati c discover y o f  suc h miH -
conceptions . 

I n th e res t  o f  th e paper ,  w e first  presen t  a  similarity -
base d algorith m fo r  clusterin g relationa l  descriptions . 
Next  w e describ e ho w causa l  relationship s i n th e back -
groun d knowledg e ca n b e exploite d t o construc t  o r  cor -
rec t  misconception s whil e the y ar e bein g formed .  Fi -
nall y w e repor t  som e experimenta l  result s tha t  sho w 
tha t  th e multistrategi c approac h t o concep t  formatio n 
describe d i n thi s pape r  enable s th e automati c construc -
tio n o f  meaningfu l  misconception s fro m theor y an d data . 

Using Similarities in the Data to Form 

C o n c e p t s f r o m R e l a t i o n a l  D e s c r i p t i o n s 

T h e Bcisi c Similarit y Mee isu r e 

The basi s o f  ou r  similarity-base d algorith m i s Tversky' s 
(1977 )  contras t  model: ^ 

Sim{C, O)) = ef(C n O)) - af(C - O) - Pf{0 - C) 

which expresses the similarity between two sets of fea-
tures ,  C  an d O ,  a s a  functio n o f  th e weighte d measure s 
of  thei r  commo n ( C n  O )  an d distinctiv e ( C — 0 , 0 — C ) 
features . 

The feature s tha t  ar e deal t  wit h i n thi s pape r  — 
behaviora l  discrepancie s — ar e expresse d a s relationa l 
(rathe r  tha n attribute-value )  descriptions. ^  W e comput e 
th e commonalitie s betwee n tw o set s o f  relationa l  descrip -
tion s C  an d O  using : 

(CnO) = Comi c 0)=\J\ J Iggid ,  Oj ) 

where lgg(x,y) is the least general generalization 
(Plotkin ,  1970 ;  Muggleto n & ;  Feng ,  1990 )  o f  tw o suc h 
descriptions . 

The Basic Similarity-based Relational 
Clusterin g A l g o r i t h m 

Our  similarity-base d algorith m fo r  clusterin g relationa l 
description s i s incremental ,  s o i t  take s on e se t  o f  dis -
crepancie s a t  a  tim e an d classifie s thi s objec t  recursivel y 
int o th e node s i n a  growin g hierarch y tha t  matc h i t  t o 
a certai n degree .  Eac h nod e i n th e hierarch y denote s a 
concep t  (i.e. ,  misconception) ,  whic h i s eithe r  (a )  a  gener -
alizatio n (intersectio n o r  variableization )  o f  th e subcon -
cept s belo w it ,  o r  (b )  a  recor d o f  a n instance ,  o r  both . 
Tabl e 1  describe s th e basi c algorithm .  Furthe r  detail s 
can b e foun d i n (Siso n &  Shimura ,  1996a) ,  wher e th e 
algorith m i s calle d R C . 

Âl l  o f  th e similarity-base d view s o f  concep t  learnin g 
adop t  o r  assum e som e varicin t  o f  thi s mode l  (Komatsu ,  1992) . 

'Attribute-valu e description s suc h a s height=tal l  o r 
color=blu e ca n b e use d t o expres s discrepancie s onl y wit h 
difficulty . 

Tabl e 1 :  Basi c procedur e fo r  clusterin g relationa l  de -
scription s 

1.  Fro m th e childre n o f  a  give n nod e N  o f  a ,  concep t  hierar -
chy ,  determin e thos e tha t  matc h th e objec t  O  (se t  o f  inpu t 
discrepancies) .  Th e matc h functio n compute s fo r  ever y 
chil d nod e th e se t  o f  commonalities .  C o m ,  an d th e degre e 
of  similarity ,  Sim ,  betwee n thi s nod e sm d th e ne w object , 
and determine s whethe r  Si m exceed s a  syste m threshold , 
7-

2.  I f  n o matc h i s found ,  plac e O  unde r  N .  Otherwise ,  plac e O 
i n it s  appropriat e positio n vis-a-vi s th e matchin g child(ren ) 
of  N .  (Thi s wil l  involv e increasin g weigh t  counters ,  creat -
in g ne w nodes ,  o r  furthe r  recursiv e clusterin g ageiins t  chil d 
nodes. ) 

3.  Node s whos e (weigh t  •  height )  value s fal l  belo w a  syste m 
paramete r  ma y b e discarde d o n a  regula r  o r  deman d basis . 

Th e algorith m i n Tabl e 1 ,  whic h w e her e cal l  S M D , 
i s simila r  t o U N I M E M (Lebowitz ,  1987 )  an d C O B W EB 
(Fisher ,  1987) ,  whic h ar e als o incrementa l  conceptua l 
clusterers .  U N I M E M ' s similarit y measure ,  however ,  con -
sider s onl y th e differenc e betwee n tw o set s o f  features . 
Furthermore ,  U N I M E M retrieve s onl y a  se t  o f  "poten -
tiall y  relevant "  node s t o compar e agains t  th e ne w object , 
rathe r  tha n examinin g ever y chil d o f  a  give n node ,  an d 
maintain s a  tota l  o f  1 3 differen t  parameters .  C O B W EB 
use s a  probabilisti c  (rathe r  tha n se t  theoretic )  concep t 
representatio n an d a  correspondin g probabilisti c  simi -
larit y measur e (categor y utilit y  (Gluc k &  Corter ,  1985 ; 
Corte r  &  Gluck ,  1992)) ,  an d ca n therefor e onl y produc e 
disjoin t  cluster s (bu t  se e th e probabilisti c  clustere r  i n 
(Marti n &  Billman ,  1994)) .  I n thi s paper' s context ,  dis -
join t  cluster s impl y tha t  th e se t  o f  bug s i n a  particula r 
behavio r  ca n onl y b e classifie d unde r  on e "misconcep -
tion, "  thoug h ther e m a y wel l  b e several .  Bot h U N I M E M 
and C O B W EB dea l  onl y wit h attribute-valu e (rathe r 
tha n relational )  description s (bu t  se e th e C O B W EB de -
scendan t  i n (Thompso n &  Langley ,  1991)) . 

Using Causalities in the Background 

K n o w l e d g e t o Strengthe n th e Coherenc e 

of  Concep t  Description s a n d Explai n 

Discrepancie s 

Causalitie s i n th e Backgroun d Knowledg e 

Similarity-base d clusterer s for m categorie s o n th e basi s 
of  regularitie s (e.g. ,  frequency ,  co-occurrence )  amon g fea -
ture s i n th e data ,  bu t  largel y ignor e qualitativ e relation -
ship s amon g thes e sam e features .  W e argue ,  however , 
tha t  th e presenc e o f  qualitative ,  particularl y causa l  re -
lationship s betwee n feature s o f  a  concep t  ar e importan t 
i n tha t  the y strengthe n th e coherenc e o f  a  conceptua l 
descriptio n (thus ,  e.g. ,  thei r  absenc e ca n warran t  th e 
splittin g o f  a  concep t  o r  a n objec t  whe n som e regulari -
tie s ar e coincidental) ,  an d the y explai n th e regularitie s 
i n th e data .  Th e latter ,  particularl y th e knowledg e o f 
causativ e features ,  i s  especiall y importan t  whe n remedi -
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F igur e 2 :  C a u s a l  relationship s i n th e idea l  behavio r 

at in g o r  otherwis e dealin g wi t h learne r  niisconceptions . 
C a u s a l  relationship s b e t w e e n feature s c a n b e induce d 

o r  d e d u c e d i n a  variet y o f  w a y s .  L e b o w i t z (1986) ,  fo r  ex -
a m p l e ,  suggest s first  usin g th e f requenc y o f  occurrenc e 
o f  a  featur e i n othe r  concept s a s a  heuristi c indicato r  o f 
w h e t h e r  th e featur e i s a  caus e o r  a n effect .  O n c e th e 
causativ e feature s h a v e b e e n de te rm ined ,  o n e c a n lin k 
th e causat iv e feature s t o th e othe r  feature s usin g heuris -
tic ,  low-level ,  causa l  d o m a i n rules .  I n (Pazzani ,  1 9 9 3 ) , 
ther e ar e onl y t w o "k inds "  o f  features ,  n a m e l y ,  action s 
a n d stat e c h a n g e s ,  a n d action s ar e a l w a y s th e causativ e 
features .  D e t e r m i n i n g w h i c h stat e c h a n g e s ar e cause d b y 
w h i c h action s i s achieve d b y instantiatin g genera l  causa l 
patterns . 

I n ou r  case ,  w e us e causa l  relationship s amon g compo -
nent s o f  th e idea l  behavior ,  togethe r  wit h th e followin g 
heuristics : 

• Component-level causality: CausaJ (or enabling or de-
termination )  relationship s amon g th e component s o f 
th e idea l  behavio r  tha t  ar e presen t  i n a  se t  o f  dis -
crepancie s sugges t  causa l  relationship s amon g thes e 
discrepancies . 

•  Concept-leve l  causality :  A  causa l  relationshi p betwee n 
tw o discrepancie s i n a  generalizatio n node ,  wher e on e 
i s a n intersectio n generalizatio n an d th e othe r  a  vari -
ableization ,  suggest s tha t  th e forme r  cause s th e latter . 

•  Subconcept-leve l  catisality :  C a u s a l  relationship s be -
twee n a  paren t  nod e an d it s chil d suggest s tha t  th e 
latte r  cause s th e former . 

Example To illustrate, recall the ideal PROLOG 
claus e i n Figur e 1  fo r  reversin g a  list .  Sai d claus e ca n b e 
viewe d a s describin g relationships ,  a s desribe d i n th e in -
troduction ,  amon g fou r  object s H ,  T ,  T l ,  an d R  use d i n 
th e hea d an d th e tw o subgoals .  Figur e 2  no w illustrate s 
thes e relationships . 

Accordin g t o th e component-leve l  causalit y heuristic , 
th e discrepancie s i n th e sai d exampl e ar e causall y relate d 
sinc e th e R  i n th e secon d discrepanc y cause s o r  enable s 
tha t  i n th e first  (Figur e 3) .  I n othe r  words ,  th e student' s 
use o f  th e P R O L OG lis t  operato r  [| ]  i n th e hea d o f 
his/he r  claus e i s  relate d t o th e absenc e o f  th e appen d 
subgoa l  i n th e bod y o f  his/he r  clause .  Th e component -
leve l  causalit y heuristic ,  however ,  doe s no t  sa y anythin g 
abou t  th e directio n o f  causality . 

reverse d T  H j 

TII H 

reve r 

/ 
discrepanc y 

•  causa l  relationshi p betwee n 
discrepancie s 

Figur e 3 :  Causa l  relationship s betwee n discrepancie s i n 
behavio r 

N ow if ,  i n th e misconceptio n hierarchy ,  discrepanc y 
(1 )  i n Figur e 1  (an d i n Figur e 3 )  happen s t o occu r  un -
der  discrepanc y (2), *  the n accordin g t o th e subconcept -
leve l  causalit y heuristic ,  th e forme r  cause s th e latter . 
I n othe r  words ,  th e studen t  cci n b e understoo d t o hav e 
omitte d th e append/ 3 subgoa l  a s a  resul t  o f  his/he r 
puttin g [T l  IH ]  i n th e head .  Thi s mean s tha t  th e stu -
den t  thought ,  incorrectly ,  tha t  th e [| ]  construc t  coul d 
be use d t o prepen d a  lis t  t o a n object ,  an d havin g deal t 
wit h th e necessar y concatenation ,  ha d n o furthe r  nee d 
fo r  a  concatenatio n subgoa l  i n th e bod y o f  his/he r  clause . 

A Similarity- and Causality-Bsised 
Cluster in g A l g o r i t h m 

Existing approaches (e.g., (Lebowitz, 1986; Pazzani, 
1993 )  t o usin g dat a an d causalit y i n concep t  formatio n 
use separat e S B L an d E B L components .  I n M M D,  S B L 
and E B L ar e tightl y couple d i n th e concep t  formatio n 
process .  Thi s entail s tw o revision s t o th e basi c algorith m 
(rathe r  tha n a n algorith m separat e fro m that )  i n Tabl e 1 . 
First ,  causa l  relationship s ar e t o b e determine d usin g th e 
component-leve l  causalit y heuristic .  Second ,  th e direc -
tion s o f  causalitie s ar e t o b e determined ,  wheneve r  pos -
sible ,  usin g th e concep t  an d subconcept-leve l  heuristics . 
Thi s m a y lea d t o th e severin g o f  tie s betwee n a  paren t 
nod e an d it s chil d whe n th e tw o ar e i n fac t  unrelated . 
Thes e revision s ar e foun d i n Tabl e 2 ,  whic h show s th e 
basi c similarity -  an d causality-base d algorithm ,  calle d 
M MD fo r  multistrateg y misconceptio n discovery .  M M D 
and th e causalit y heuristic s abov e ar e explaine d i n mor e 
detai l  i n (Sison ,  N u m a o &  Shimura ,  1997) . 

*  Whic h i s indee d th e cas e wit h th e dat a w e hav e gathere d 
fo r  an d use d i n ou r  experiments . 
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Tabl e 2 :  Ba.si c procedur e fo r  similarity -  an d causality -
base d misconceptio n discover y 

1.  Same a s i n Tabl e 1 ,  wit h th e additio n tha t  causalit y i-cIh -
tionship s amon g discrepancie s ar c t o b e dct('riiiine< l  iidin g 
th e componeut-leve l  heuristic . 

2.  Same a s i n Tabl e 1 . 
3.  Fo r  ever y ne w nod e create d i n (2) ,  determin e an d recor d 

th e existenc e o f  concept -  an d subconcept-leve l  causalities . 
I f  n o concept-leve l  causalit y exist s amon g discrepancie s i n 
thi s node ,  retai n th e nod e nevertheless .  I f  n o subconcept -
leve l  causalit y exist s betwee n thi s nod e an d it s parent , 
seve r  th e Un k betwee n thi s chil d an d it s parent ,  an d pro -
mote i t  upwards . 

4.  Same a s ste p (3 )  i n Tabl e 1 . 

Experimen t 

Experimenta l  Metho d 

I n thi s paper ,  w e loo k a t  th e effec t  o f  varyin g th e pa -
rameter s o f  S M D an d compar e th e performanc e o f  thes e 
S MD variant s agains t  tha t  o f  M M D.  Th e dat a w e us e ar e 
64 bugg y reverse/ 2 program s obtaine d fro m third-yea r 
undergraduat e student s wh o hav e learne d basi c P R O -
L OG concepts .  Thes e program s wer e submitte d fo r  ex -
per t  (teacher )  analy.si s o f  thei r  underlyin g misconcep -
tions .  Th e discrepancie s betwee n th e bugg y program s 
and thei r  associate d idea l  program s wer e als o compute d 
and the n fed ,  i n worst-cas e order, ^  int o severa l  variant s 
of  S M D (eac h varian t  havin g differen t  value s fo r  it s pa -
rameters )  an d int o M M D . ® A  misconceptio n o r  classifica -
tio n generate d b y M M D o r  S M D i s considere d accurat e 
i f  i t  matche s tha t  o f  th e expert . 

Varyin g th e parameter s o f  S M D,  particularl y th e pa -
rameter s o f  th e S i m functio n i t  uses ,  reflect s variou s 
similarit y models .  Fo r  example ,  settin g 0  t o 1  an d a 
and ( 3 t o 0  produce s Restle' s (1961 )  mode l  o f  similar -
ity .  Th e reverse ,  i.e. ,  settin g 0  t o 0  an d a  an d ̂  t o 1 
yield s Restle' s (1961 )  mode l  o f  psychologica l  distance , 
whic h i s basicall y wha t  U N I M E M uses .  Settin g a  an d 
/3 t o fractiona l  value s (whe n ̂  i s  1 )  i s  sometime s useful , 
as Webe r  (1996 )  show s i n hi s particula r  domain .  Thes e 
variant s ar e summarize d i n Tabl e 3 ,  an d th e result s o f 
th e experimen t  ar e show n i n Figur e 4 . 

Discussion of Results 

Figur e 4  show s tha t  M M D wa s abl e t o correctl y iden -
tif y mos t  (92% )  o f  th e misconception s i n th e bugg y 
program s tha t  th e exper t  als o could .  Th e figure  als o 
clearl y indicate s tha t  exploitin g causa l  relationship s i n 
th e backgroun d knowledg e improve s th e classificatio n 
performanc e o f  a  similarity-base d learner .  W h a t  th e fig-
ur e doe s no t  revea l  i s  tha t  th e classification s generate d 

Tabl e 

Model 

Restle- l 
Restle- 2 
Weber 

0 
1 
1 
0 
1 

3:  Som e variant s o f  S M D 

a 
1 
0 
1 
. 2 

/? 
1 
0 
1 
. 4 

7 
0 
1 

- 1 
0 

N a me i n Figur e 4 
SMD4 
SMDl 
SMD3 
SMD2 

H 4 0 

SMDl  SMD2 SMD3 SMD4 MMD 

Sinc e th e algorithm s ar e incremental ,  th e orde r  i n whic h 
th e e  discrepanc y set s ar e presente d t o th e algorithm s ca n 
affec t  th e accurac y o f  th e resultin g hierarchies .  A  worst-cas e 
orderin g i s on e whic h maximize s erro r  i n a  hierarchy . 

«f l  =  a  =  /3 = 1, 7 > 0 . 

Figur e 4 :  Accurac y o f  hierarchie s generate d b y M M D 
and th e S M D variant s i n Tabl e 3 

by al l  th e S M D variant s d o no t  contai n informatio n re -
gardin g causatio n an d ca n therefor e hardl y b e considere d 
as misconceptions . 

Th e relativel y lowe r  accurac y o f  th e hierarchie s gener -
ate d b y S M D wer e mainl y du e t o incoheren t  grouping s 
and multipl e bugs ,  whic h S M D i s insensitiv e to .  Thi s 
insensitivit y seem s t o hav e becom e mor e pronounce d i n 
th e S M D variant s ( S M D l ,  S M D 2 )  tha t  assigne d weight s 
lesse r  tha n 1  t o featur e dissimilarities .  Thi s i s no t  sur -
prisin g sinc e th e presenc e o f  dissimilaritie s betwee n tw o 
simila r  bugg y behavior s m a y indicat e th e existenc e o f 
mor e tha n on e bug . 

Th e bug s whic h M M D (an d o f  cours e S M D )  wa s no t 
abl e t o classif y correctl y wer e primaril y du e t o discrepan -
cie s whic h coul d b e transforme d t o other ,  "mor e mean -
ingful "  discrepancies .  Fo r  M M D t o classif y thes e bug s 
correctly ,  tw o option s ar e possible .  O n e optio n woul d b e 
t o giv e M M D th e ability.t o recogniz e discrepancie s be -
twee n discrepancie s (i.e. ,  t o transfor m on e discrepanc y 
t o another) .  Alternatively ,  thi s tas k coul d b e give n t o 
th e preprocesso r  whic h compute s discrepancie s betwee n 
bugg y program s an d a n ideal .  Th e secon d optio n i s 
preferabl e sinc e M M D ' s primar y tas k i s clusterin g dis -
crepancie s rathe r  tha n transformin g them . 

Conclusion 

A similarity-base d approac h t o misconceptio n discov -
er y i s  importan t  becaus e i t  detect s regularitie s i n 
th e data ,  whic h i n tur n m a y indicat e th e existenc e 
of  underlyin g causalities .  O n th e othe r  hand ,  a n 
explajiation(causality)-base d approa<; h i s necessar y be -
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caus e concept s base d solel y o n regularitie s migh t  no t  b e 
coherent .  Furthermore ,  a  similarity-base d learne r  ca n 
onl y roughl y classif y a n erroneou s progra m bu t  no t  spec -
if y th e cause(s )  o f  it s  errors . 

Th e integratio n o f  similarity -  an d causality-base d 
learnin g i n th e multistrateg y unsupervise d concep t  dis -
cover y syste m M M D ha s bee n show n t o b e useful ,  i f  no t 
essential ,  fo r  th e th e automati c constructio n o f  mean -
ingfu l  misconception s tha t  ca n b e use d t o accoun t  fo r 
discrepan t  behavio r  i n studen t  programs .  Th e presenc e 
of  qualitative ,  particiilail y  causa l  relationship s betwee n 
feature s o f  a  concep t  enabl e th e splittin g o f  a n objec t 
wit h multipl e bugs ,  thereb y increasin g th e hierarchy' s 
accuracy ,  an d provide s a  causa l  explanatio n th e regular -
itie s i n th e data .  Th e latte r  i s  especiall y importan t  whe n 
remediatin g o r  otherwis e dealin g wit h learne r  misconcep -
tions .  M M D i s a  ste p towar d th e automati c discover y o f 
( P R O L OG programming )  misconception s (Sison ,  1997 ) 
and thei r  us e i n multistrategi c studen t  modelin g (Siso n 
& Shimura ,  1996b) . 
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