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Abstrac t 

Student modeling has been identified as an im-
portan t  componen t  t o th e lon g ter m developmen t 
of  Intelligen t  Computer-Aide d Instructio n (ICAI ) 
systems .  T w o basi c approache s hav e evolve d t o 
model  studen t  misconceptions .  On e use s a  static , 
predefine d librar y o f  use r  bug s whic h contain s th e 
misconception s modele d b y th e system .  Th e othe r 
uses inductio n t o lear n studen t  misconception s fro m 
scratch .  Here ,  w e presen t  a  thir d approac h tha t  use s 
a machin e learnin g techniqu e calle d theor y revision . 
Usin g theor y revisio n allow s th e syste m t o automat -
icall y construc t  a  bu g librar y fo r  us e i n modelin g 
whil e retainin g th e flexibility  t o addres s nove l  er -
rors . 

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

One of the most important components of an Intel-
ligen t  Computer-Aide d Instructio n (ICAI )  syste m 
i s th e studen t  mode l  (Wenger ,  1987) .  Som e re -
searcher s hav e argue d (Carbonell ,  1970 ;  Laubsch , 
1975 )  tha t  th e effectivenes s o f  a n ICA I  syste m de -
pend s heavil y upo n it s  studen t  modelin g compo -
nent .  Withou t  th e flexibility  t o mode l  nove l  stu -
dent  errors ,  ICA I  system s wil l  no t  progres s muc h 
beyon d today' s electroni c pag e turner s wit h canne d 
response s tune d t o th e averag e student . 

Over  th e las t  tw o decades ,  severa l  technique s 
fo r  studen t  modelin g hav e bee n developed .  On e 
method ,  calle d overla y modelin g (Car r  an d Gold -
stein ,  1977) ,  assume s a  student' s knowledg e i s al -
ways a  subse t  o f  th e correc t  domai n knowledge . 
Whil e simpl e t o implement ,  thi s metho d i s incapabl e 
of  capturin g misconceptions ,  o r  bugs ,  tha t  represen t 
fault y studen t  knowledge . 

To captur e suc h misconceptions ,  othe r  researcher s 
(Brow n an d Burton ,  1978 ;  Burton ,  1982 ;  Brow n 
and VanLehn ,  1980;  Sleema n an d Smith ,  1981 )  hav e 
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focuse d o n th e us e o f  bu g libraries .  I n thes e ap -
proaches ,  model s ar e buil t  b y matchin g studen t  be -
havio r  agains t  a  catalo g o f  bugs .  Typically ,  suc h 
catalog s ar e eithe r  difficul t  t o construc t  o r  fai l  t o 
cove r  a  wid e enoug h rang e o f  behaviors . 

A thir d metho d o f  studen t  modelin g attempt s t o 
model  studen t  misconception s withou t  overlay s o r  a 
bu g librar y (Langle y e t  al. ,  1984 ;  Ohlsso n an d Lan -
gley ,  1985) .  Here ,  inductio n i s  use d t o construc t 
a studen t  mode l  fro m example s o f  studen t  behav -
ior .  Whil e thi s provide s mor e flexibility,  i n genera l 
accurat e inductio n require s a  larg e numbe r  o f  suc h 
examples .  Moreover ,  thi s approac h canno t  tak e ad -
vantag e o f  likel y misconception s whic h coul d b e pre -
programmed . 

Her e w e presen t  a  ne w algorith m fo r  studen t  mod -
elin g calle d Asser t  (Acquirin g Stereotypica l  Stu -
dent  Error s usin g Revisio n o f  Theories) .  Ther e ar e 
tw o mai n contribution s o f  ou r  algorithm .  First ,  AS -
SERT demonstrates  a  ne w metho d fo r  constructin g 
studen t  model s usin g a  machin e learnin g techniqu e 
calle d theor y revision .  Theor y revisio n allow s A s -
ser t  t o buil d model s mor e accuratel y wit h fewe r 
example s o f  studen t  behavior .  Theor y revisio n als o 
enable s Asser t  t o utiliz e a  complet e o r  partia l  bu g 
library .  Second ,  Asser t  provide s a  ne w metho d fo r 
automaticall y constructin g an d extendin g a  bu g li -
brar y b y combinin g multipl e studen t  model s int o a 
stereotypica l  studen t  model .  Thu s Asser t  ca n ca n 
creat e an d us e a  bu g library ,  whil e retainin g th e 
flexibility  t o addres s nove l  studen t  errors . 

2 Overview of Theory Revision 

Theory revision algorithms modify existing rule 
base s t o mak e the m consisten t  wit h a  give n se t  o f  ex -
amples .  Unlik e inductio n algorithm s whic h receiv e 
onl y example s a s input ,  theor y revisio n system s ex -
pec t  bot h th e example s an d a  se t  o f  rule s (theory) . 
Typically ,  theor y revisio n algorithm s ar e use d unde r 
th e assumptio n tha t  th e rule s ar e partiall y  correc t 
but  no t  ye t  completel y define d t o cove r  al l  examples . 
Th e theor y i s successivel y refined ,  b y specializatio n 
and generalization ,  unti l  i t  i s  consisten t  wit h th e 
examples .  Mos t  theor y revisio n system s attemp t  t o 
chang e th e inpu t  rule s a s littl e a s possibl e t o accom -
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modat e th e examples . 

Unfortunatel y w e d o no t  hav e th e spac e t o de -
scrib e theor y revisio n i n detail .  However ,  not e tha t 
theor y revisio n system s hav e bee n implemente d us -
in g a  variet y o f  techniques ,  includin g bot h logi c 
an d connectionis t  frameworks .  Her e w e us e th e EI -
T H ER system ,  whic h revise s theorie s expresse d i n 
an extende d propositiona l  logic .  I n Either ,  the -
orie s consis t  o f  rule s writte n a s Hor n clause s an d 
example s represente d a s vector s o f  observabl e fea -
tures .  E i the r  use s abductiv e an d inductiv e reason -
in g t o affec t  si x type s o f  changes .  Antecedent s ca n 
be specialized ,  generalized ,  adde d o r  deleted ,  an d 
rule s m a y b e adde d o r  remove d fro m th e theory . 
For  a  mor e detaile d overvie w o f  theor y revisio n an d 
th e Ei the r  algorithm ,  se e (Oursto n an d Mooney , 
1990) . 

3 The Assert Algorithm 

3.1 Student ModeUng as Theory Revision 

Our description of the ASSERT algorithm begins 
wit h th e observatio n tha t  studen t  modelin g ca n b e 
viewe d a s theor y revision .  Du e t o th e restriction s 
impose d b y EITHER ,  i t  i s  assume d tha t  th e tutor -
in g tas k i s a  categorizatio n proble m (multipl e con -
cep t  lesson) .  Whil e categorizatio n problem s hav e 
not  bee n a  majo r  focu s o f  ICA I  modelin g efforts , 
concep t  lesson s hav e a  wel l  understoo d pedagog y 
(Dic k an d Carey ,  1990 )  an d ar e c o m m o n C A I  appli -
cations .  Furthermore ,  a s Gilmor e an d Sel f  (Gilmor e 
an d Self ,  1988 )  hav e pointe d out ,  machin e learnin g 
has bee n successfull y applie d i n categorizatio n do -
main s makin g i t  natura l  t o explor e it s potentia l  i n 
concep t  tutorials .  Othe r  tasks ,  specificall y proce -
dura l  ones ,  i n genera l  canno t  b e represente d usin g 
propositiona l  Hor n clauses .  I t  i s  importan t  t o poin t 
out ,  however ,  tha t  th e basi c techniqu e o f  usin g the -
or y revisio n fo r  studen t  modelin g i s no t  limite d t o 
categorizatio n domain s sinc e othe r  theor y revisio n 
algorithm s m a y us e differen t  underlyin g representa ^ 
tions . 

Give n thi s assumption ,  th e correc t  knowledg e fo r 
th e tas k ca n b e represente d i n a  straightforwar d 
manner  usin g Hor n claus e rules .  Eac h concep t  i s 
represente d a s th e hea d o f  a  Hor n clause ,  an d th e 
component s o f  tha t  concep t  mak e u p th e predicate s 
tha t  for m th e bod y o f  th e clause .  Disjunctiv e con -
cept s ar e represente d usin g multipl e clauses .  Fig -
ur e 1  show s par t  o f  a  theor y fo r  anima l  classifica -
tion . 

Th e ful l  theor y classifie s example s a s on e o f  twelv e 
differen t  animals .  T h e rule s for m a  hierarch y wher e 
th e consequent s o f  som e rule s ar e reference d a s 
antecedent s i n others .  Disjunctiv e concept s (e.g . 
"mammal" )  ar e represente d b y multipl e rules .  Ex -
ample s ar e claissifie d b y th e theor y vi a rul e chaining . 
For  instance ,  th e followin g exampl e 

mammal  « -  birth=liv e 
mammal  < — feed-young=mil k 
ungulat e < — mammal  &  ruminat e 
giraff e * — ungulat e k .  neck=lon g & 

pattern=spot s 

Figure 1: Animal classification rules. 

(birth=live & ruminate & neckslong ii 
feed-young=rail k L .  pattern=spots ) 

is classified by the rules in Figure 1 as a giraffe. 
Eithe r  birth=liv e o r  leed-young=mil k suffice s t o 
prov e meunmal  which ,  whe n combine d wit h ruminat e 
prove s ungulate .  Th e res t  o f  th e fact s combin e fo r 
th e fina l  categorizatio n a s a  giraffe . 

3.2 Constructing Student Models 

Modeling faulty student knowledge now becomes a 
matte r  o f  modifyin g th e theor y t o mak e i t  consis -
ten t  wit h response s generate d b y th e student .  I n 
othe r  words ,  th e correc t  theor y modelin g a  perfec t 
studen t  i s  altere d usin g theor y revisio n t o matc h ac -
tua l  studen t  behavior .  Thi s i s contrar y t o th e typ -
ica l  us e o f  theor y revision ,  bu t  i n principl e ther e i s 
no difference .  W e ar e simpl y reversin g th e notio n o f 
"goodness" :  instea d o f  fixin g incorrec t  theories ,  w e 
use theor y revisio n t o introduc e fault s t o mode l  th e 
incorrec t  knowledg e o f  th e student . 

As a n example ,  conside r  agai n th e giraff e exampl e 
above .  I f  th e featur e pattern=spot s wer e absen t 
an d th e studen t  stil l  clzissifie d th e exampl e a s a  gi -
raffe ,  ther e woul d b e a n inconsistenc y betwee n th e 
rule s an d th e student' s observe d behavior .  Eithe r 
woul d modif y th e rule s t o accoun t  fo r  th e discrep -
anc y b y removin g th e pat tem=spot s anteceden t 
fro m th e giraff e rule ,  a s lon g a s thi s chang e re -
maine d consisten t  wit h othe r  classification s mad e 
by th e student . 

Asser t  begin s wit h a  correc t  theor y o f  perfec t 
studen t  behavio r  an d a  lis t  o f  example s a s catego -
rize d b y a  particula r  student .  Thes e studen t  catego -
rization s coul d b e collecte d i n an y numbe r  o f  way s 
includin g a  multipl e choic e tes t  wher e th e studen t 
classifie s example s represente d a s list s o f  feature s 
(suc h test s ar e c o m m o n i n th e instructiona l  desig n 
of  C A I  systems) .  Her e w e assum e tha t  a  multi -
pl e choic e tes t  ca n b e constructe d fro m a  poo l  o f 
example s an d th e result s give n t o Ei the r  a s ex -
ample s o f  a  particula r  student' s behavior .  Eithe r 
the n change s th e correc t  inpu t  theor y t o matc h th e 
student' s erroneou s classifications . 

3.3 Building the Stereotypical Model 

For many tutoring domains, it is possible to out-
lin e typica l  misconception s tha t  a  studen t  migh t  ex -
hibit .  Thi s i s on e o f  th e justification s fo r  th e bu g 
librar y approac h describe d earlier .  Assumin g tha t 
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suc h error s wil l  b e common ,  i t  make s sens e t o collec t 
severa l  studen t  model s an d not e th e commonalitie s 
tha t  exis t  acros s students .  Usin g thes e commonal -
itie s on e ca n for m a  representativ e studen t  mode l 
whic h w e cal l  a  stereotypica l  studen t  model .  Con -
structio n o f  th e stereotypica l  studen t  mode l  pro -
ceeds i n fou r  phase s a s follows . 

Phase 1: Collection of student models. First, sev-
era l  studen t  model s mus t  b e generate d fro m th e 
same inpu t  theor y usin g th e proces s alread y de -
scribed . 

Phase 2: Sorting of rule changes. Next, all 
change s fro m al l  th e studen t  model s ar e groupe d 
by th e rul e altere d an d th e typ e o f  chang e made . 
As mentione d earlier ,  ther e ar e si x type s o f  change s 
or  deviation s tha t  EITHE R ca n mak e t o a  rule . 
Each deviatio n ma y consis t  o f  multipl e componen t 
change s t o th e rule .  Th e resul t  o f  thi s sortin g i s a 
lis t  o f  propose d deviation s t o eac h rule ,  groupe d b y 
type .  Th e siz e o f  th e grou p equal s th e numbe r  o f 
differen t  studen t  model s tha t  propose d a  deviatio n 
t o th e give n rule . 

Phase 3 Thresholding. Each group of deviations 
associate d wit h a  rul e i s discarde d i f  th e siz e o f  tha t 
grou p doe s no t  excee d a  desire d threshold .  Thi s en -
sure s tha t  onl y thos e change s whic h ar e common t o 
multipl e student s ar e incorporate d int o th e stereo -
typica l  studen t  model .  Th e threshol d ca n b e mod -
ifie d t o mak e th e syste m mor e o r  les s conservativ e 
about  wha t  deviation s ar e considere d stereotypical . 

Phase 4: Extraction of common changes. After 
thresholding ,  al l  th e deviation s withi n a  grou p rep -
resen t  a  particula r  typ e o f  chang e t o th e rule .  How -
ever ,  sinc e thes e change s com e fro m differen t  stu -
dent  models ,  the y wil l  no t  necessaril y  b e th e same . 
To pul l  ou t  onl y wha t  i s common amon g al l  th e devi -
ations ,  Asser t  use s th e common componen t  extrac -
tio n algorith m show n i n Figur e 2 .  Thi s algorith m 
measure s commonalit y usin g tw o metrics :  (1 )  th e 
number  o f  studen t  model s tha t  contai n th e compo -
nent  an d (2 )  th e siz e o f  th e component ,  wher e large r 
component s represen t  mor e specifi c  changes .  Larg e 
frequen t  change s ar e preferred .  Th e algorith m i s it -
erative ;  a s eac h common componen t  i s selected ,  tha t 
component  i s remove d fro m al l  th e deviation s o f  th e 
grou p befor e selectin g th e nex t  component . 

To illustrat e th e step s fo r  constructin g a  stereo -
typica l  studen t  model ,  refe r  agai n t o Figur e 1 .  As -
sume tha t  thre e studen t  model s hav e bee n gener -
ated ,  an d al l  hav e propose d change s t o th e las t  rul e 
of  th e theor y a s show n i n Figur e 3 .  Aissum e furthe r 
tha t  th e valu e o f  th e threshol d i s  2 .  Sinc e ther e ar e 
tw o differen t  type s o f  changes ,  tw o group s o f  devi -
ation s wil l  b e formed .  Th e first,  fo r  addin g rules , 
wil l  contai n al l  th e giraff e rule s fro m eac h studen t 
model .  Th e second ,  fo r  generalizin g th e mammal 

1.  Compar e al l  component s o f  al l  deviations . 

2.  Fo r  eac h component-componen t  comparison , 
find  th e common subcomponent . 

3.  Stor e eac h subcomponen t  wit h a  coun t  o f  th e 
number  o f  differen t  studen t  model s i n whic h i t 
was present .  Cal l  thi s coun t  "N" . 

4.  Selec t  th e "best "  subcomponen t  base d o n th e 
formul a "L*N "  wher e "L "  i s th e lengt h o f  th e 
subcomponent .  Ad d th e subcomponen t  t o th e 
common deviation s t o b e returned . 

5.  Remov e al l  component s fro m al l  deviation s tha t 
ar e subsume d b y th e "best "  subcomponen t  o f 
ste p 4 . 

6.  Repea t  step s 1- 5 unti l  ther e ar e n o common 
subcomponent s (i.e. ,  ste p 2  produce s th e empt y 
set) .  Retur n th e subcomponent s collecte d i n 
ste p 4 . 

Figure 2: Common component extraction algorithm. 

Studen t  Mode l  1 :  2  rule s adde d 
giraff e * — foot-type=hoo f  & :  \ingulat e 
giraff e • — color=taBn y 

Student Model 2: 1 rules added, 1 rule changed 
giraff e « — color=taHn y &  ungulat e 
mammal  < — birth=liv e o r  eg g 

Student Model 3: 2 rules added 
giraff e < — foot-type=hoo f  &  ungulat e 
giraff e < — color=tawn y &  ruminat e 

Figur e 3 :  Exampl e studen t  models . 

rule ,  wil l  contai n onl y th e mammal  rul e fro m studen t 
model  2 .  Thi s secon d grou p wil l  b e throw n ou t  dur -
in g thresholdin g sinc e onl y on e deviatio n i s i n th e 
grou p an d th e threshol d i s se t  a t  2 . 

Thi s leave s th e thre e studen t  model s propos -
in g adde d rules .  Tabl e 1  show s ho w eac h 
of  th e component s o f  thes e deviation s i s mea -
sure d b y th e common componen t  extractio n al -
gorithm .  Whil e color=tawn y an d ungulat e ap -
pear  th e mos t  frequentl y (A ^  =  3) ,  th e conjunc t 
foot-type=hoo f  t  ungulat e ha s a  large r  prod -
uct  ( L *  N  =  4 )  an d i s thu s selecte d first. 

Next ,  al l  o f  th e rule s tha t  ar e subsume d b y 
foot-type=hoo f  ft  ungulate ,  ar e remove d fro m 
th e studen t  models .  Thi s leave s th e secon d rul e 
fro m mode l  1 ,  th e first  rul e fro m mode l  2 ,  an d th e 
secon d rul e fro m mode l  3 .  Th e onl y remainin g com -
mon elemen t  i s color=tawn y whic h i s extracte d a s 
th e secon d componen t  o f  th e stereotypica l  model . 
Thi s las t  extractio n cover s th e res t  o f  th e remainin g 
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Subconjunc i 
loot-type=hoo l 
ungulat e 
color=tawn y 
foot-type=hoo f  t  ungulat e 

L\  N \  L* N 
T 
3 
3 
2 

Tabl e 1 :  Subconjunc t  compariso n table . 

rules .  Th e final  stereotypica l  mode l  i s 

giraffe *— loot-type=hoof k. ungulate 
giraff e « — color=tawn y 

3. 4 Usin g th e Stereotypica l  Mode l 

Once the stereotypical student model has been gen-
erated ,  i t  ca n b e use d directl y a s a  bu g library . 
However  ther e ar e tw o differen t  way s o f  incorporat -
in g it s informatio n int o th e modelin g process .  On e 
metho d woul d b e t o modif y th e searc h mechanism s 
employe d b y Eithe r  t o prefe r  bug s i n th e stereo -
typica J mode l  ove r  th e norma l  theor y revisio n pro -
cess .  Thi s woul d mirro r  th e traditiona l  us e o f  bu g 
libraries ;  bug s woul d b e trie d singl y o r  combine d i n 
group s t o predic t  studen t  behavior .  I f  n o bu g com -
binatio n produce d a n accurat e model ,  th e norma l 
theor y revisio n proces s woul d b e invoked . 

A secon d metho d fo r  incorporatin g th e stereotyp -
ica l  mode l  relie s o n th e fac t  tha t  theor y revisio n i s 
input/outpu t  compatible .  Specifically ,  th e inpu t  t o 
theor y revisio n ( a theory )  i s  identica l  i n for m t o th e 
outpu t  ( a revise d theory) .  Thu s th e bug s store d 
i n th e stereotypica l  studen t  mode l  ca n b e use d b y 
simpl y incorporatin g the m int o th e theor y use d t o 
model  subsequen t  students .  Du e t o it s simplicity , 
thi s wa s th e approac h take n her e fo r  ou r  initia l  tes t 
of  Assert . 

Of  course ,  i t  i s  unlikel y tha t  an y on e studen t  wil l 
exhibi t  exactl y th e bug s o f  th e stereotypica l  studen t 
model .  Th e resul t  i s  tha t  th e theor y revisio n algo -
rith m ma y b e force d t o repai r  bug s jus t  introduced . 
On th e othe r  hand ,  i t  i s  rar e t o find  a  studen t  wh o 
has n o misconception s i n common wit h th e averag e 
bugs .  O n th e average ,  i t  wa s hope d tha t  revisin g a 
stereotypica l  se t  o f  rule s woul d b e superio r  t o revis -
in g a  correc t  theory . 

4 Emp i r i ca l  Resul t s 

4.1 Experimental Design 

Two hypotheses formed the basis of our testing 
methodology .  First ,  w e expecte d theor y revisio n t o 
be mor e accurat e a t  studen t  modelin g tha n induc -
tiv e modeler s du e t o th e extr a informatio n availabl e 
i n th e inpu t  rules .  Second ,  w e expecte d revisin g 
stereotypica l  theorie s t o b e mor e effectiv e tha n re -

visin g correc t  theorie s sinc e common studen t  error s 
ar e par t  o f  th e stereotypica l  model . 

For  th e preliminar y experiment s presente d here , 
we chos e t o wor k wit h artificia l  dat a fo r  th e ani -
mal  classificatio n domai n reference d earlie r  (se e Fig -
ur e 1) .  W e ar e currentl y plannin g experiment s us -
in g actua l  studen t  dat a collecte d wit h a  CA I  syste m 
fo r  mor e realisti c testing .  A s a n initia l  domain ,  th e 
anima l  classificatio n rule s represen t  a  ric h enoug h 
tas k t o tes t  ou r  hypothese s o n a  variet y o f  potentia l 
studen t  misconceptions . 

Our  test s wer e ru n fro m a  poo l  o f  18 0 example s 
randoml y generate d usin g th e correc t  anima l  classi -
fication  rule s (1 5 example s fo r  eac h o f  th e 1 2 cate -
gories) .  Artificia l  student s wer e generate d b y mak -
in g modification s t o th e correc t  theory .  A s eac h stu -
dent  theor y wa s formed ,  i t  wa s use d t o relabe l  th e 
180 example s t o simulat e th e behavio r  o f  tha t  stu -
dent .  Thes e relabele d example s ac t  a s "answers "  th e 
studen t  woul d generat e t o th e 18 0 "multipl e choic e 
questions. " 

Modification s mad e t o th e correc t  theor y t o cre -
at e student s wer e o f  tw o types .  On e se t  o f  mod -
ification s wa s predefined ,  wit h a  give n probabilit y 
of  occurrence .  Thes e simulate d common error s tha t 
occurre d i n th e studen t  population .  W e use d fou r 
common deviations ,  eac h wit h a  0.7 5 probabilit y  o f 
occurrence .  Tw o o f  thes e delete d antecedent s fro m 
rules ,  on e adde d a n antecedent ,  an d on e change d a n 
antecedent .  T o simulat e individua l  studen t  differ -
ences ,  eac h studen t  theor y wa s furthe r  subjecte d t o 
rando m anteceden t  modification s wit h a  probabilit y 
of  0.10 . 

Asser t  wa s teste d agains t  bot h norma l  theor y 
revisio n an d inductio n usin g a  two-phase d approach . 
The first  phas e wa s use d t o buil d a  stereotypica l 
model  fo r  th e secon d phas e a s follows : 

1. First, 20 artificial students were created using 
th e method s describe d above . 

2. For each student, all 180 examples were rela-
bele d usin g th e student' s bugg y theory . 

3. From these 20 students, 20 student models were 
generate d usin g EITHE R o n al l  18 0 relabele d 
examples . 

4. A stereotypical student model was then built 
fro m th e 2 0 studen t  model s usin g th e algorith m 
fro m sectio n 3. 3 wit h a  threshol d o f  1 0 (i.e. ,  hal f 
th e student s ha d t o exhibi t  a  bu g fo r  i t  t o b e 
considere d "common") . 

Thrie of the four common predefined bugs ended 
up i n th e stereotypica l  studen t  model .  Th e fourt h 
was mor e difficul t  fo r  Eithe r  t o generate ,  sinc e i t 
require d a  deletio n o f  a n anteceden t  followe d b y a n 
additio n o f  a  differen t  antecedent .  Thi s fourt h bu g 
ended u p a s tw o differen t  rule s i n th e stereotypica l 
studen t  model .  Al l  fou r  resultin g deviation s wer e 
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/nj<za /  Rule s 

stereotypica l 
correc t 
stereotypical , 
no revisio n 
correct , 
no revisio n 
non e (induction ) 

modelin g 
tim e (sec. ) 

72 
124 

n/ a 

n/ a 
12 

tes t  se t 
accurac y 

9 6 % 1 
84 % 

67 % 

61 % 
^2 % 1 

Tabl e 2 :  Effec t  o f  initia l  rule s o n modeling . 

applie d t o th e correc t  rule s t o for m a  stereotypica l 
studen t  theory . 

For  th e secon d phase ,  additiona l  artificia l  stu -
dent s wer e generate d t o tes t  EITHE R usin g vari -
ous initia l  theories .  A  serie s o f  experiment s wer e 
ru n startin g Eithe r  wit h (1 )  th e correc t  anima l 
rules ,  (2 )  th e stereotypica l  studen t  rule s fro m phas e 
1 above ,  o r  (3 )  n o initia l  theory .  Wit h n o initia l  the -
ory .  Eithe r  default s t o a n inductiv e learnin g pro -
cess whic h use s th e ID 3 (Quinlan ,  1986 )  algorithm . 
Thi s phas e ra n a s follows : 

1. First, 10 new artificial students were generated 
usin g th e sam e technique s use d i n phas e 1 .  Fo r 
each ,  th e 18 0 example s wer e relabele d usin g th e 
student' s bugg y theory . 

2.  5 0 example s wer e randoml y chose n fro m th e 
180 relabele d b y th e studen t  a s trainin g exam -
ples .  Eac h ne w studen t  wa s modele d usin g EI -
THER wit h th e sam e 5 0 example s an d on e o f 
th e thre e initia l  theorie s describe d above . 

3.  Th e othe r  13 0 example s wer e reserve d fo r  test -
in g th e accurac y o f  eac h studen t  mode l  a s fol -
lows .  Recal l  tha t  th e outpu t  o f  EITHE R i s a 
revise d theor y representin g th e studen t  model . 
Thi s theor y wa s use d t o labe l  eac h o f  th e 13 0 
tes t  examples .  Thes e label s wer e compare d t o 
thos e generate d usin g th e student' s bugg y the -
or y fro m ste p 1  t o comput e a  percentag e accu -
racy . 

Table 2 compares the average accuracy and mod-
elin g time s o f  Ei the r  starte d wit h eac h o f  th e thre e 
differen t  initia l  theories .  Fo r  compariso n purposes , 
we als o measure d th e accurac y o f  bot h th e correc t 
and stereotypica l  theories .  Statistica l  significanc e 
was measure d usin g a  Studen t  t-tes t  fo r  paire d dif -
ferenc e o f  mean s a t  th e 0.0 5 leve l  o f  confidenc e (i.e. , 
9 5 % certaint y tha t  th e difference s wer e no t  du e t o 
rando m chance) .  Al l  th e difference s show n i n tabl e 2 
ar e statisticall y significant . 

4.2 Discussion of Results 

Both of our hypotheses were borne out by the re-
sult s presente d i n tabl e 2 .  First ,  i t  i s  apparen t  tha t 

theor y revisio n i s superio r  t o inductio n i n term s 
of  accuracy .  Thi s i s no t  surprisin g sinc e inductio n 
must  mode l  correc t  a s wel l  a s bugg y studen t  behav -
ior ,  wherea s theor y revisio n nee d onl y alte r  correc t 
rule s t o captur e th e misconceptions .  T h e differenc e 
i s eve n mor e pronounce d whe n theor y revisio n pro -
ceed s fro m th e stereotypica l  model .  Inductio n sim -
pl y ha s mor e wor k t o do . 

Second ,  ou r  result s sho w tha t  theor y revisio n 
model s student s faste r  an d mor e accuratel y whe n 
give n a n initia l  rul e bas e tha t  approximate s typica l 
studen t  errors .  Sinc e al l  th e student s wer e generate d 
usin g th e sam e criteria ,  providin g Ei the r  wit h th e 
stereotypica l  rule s effectivel y give s i t  a  hea d star t 
ove r  th e correc t  theory . 

Runnin g th e correc t  an d stereotypica l  theorie s 
withou t  revisio n als o produce d interestin g results . 
Bot h outperforme d induction ,  furthe r  illustratin g 
th e disadvantag e o f  tryin g t o mode l  student s fro m 
scratc h usin g a  smal l  numbe r  o f  examples .  I t  i s  als o 
apparen t  tha t  revisio n i s essentia l  t o effectiv e mod -
eling ,  eve n i f  th e initia l  rule s mode l  bugg y studen t 
behavior .  Withou t  revision ,  modelin g nove l  studen t 
error s i s simpl y no t  possibl e sinc e a  stati c librar y o f 
bug s wil l  no t  contai n th e neede d information . 

5 Related Work 

There are two systems directly related to the work 
describe d here .  Bot h mak e us e o f  machin e learnin g 
technique s t o dynamicall y mode l  studen t  behavior . 

Sleema n describe s a n extensio n t o hi s PIXI E sys -
tem ,  whic h model s arithmeti c errors ,  calle d I N F E R * 
(Sleema n e t  al. ,  1990 )  I N F E R *  start s wit h a  librar y 
of  know n bug s an d induce s rule s t o fill  gap s be -
twee n on e student' s solutio n an d th e correc t  rule s 
know n t o th e system .  I N F E R *  als o relie s heavil y 
upo n domain-dependen t  heuristic s fo r  controllin g it s 
search ,  an d i t  i s  no t  clea r  tha t  thes e technique s ca n 
be use d fo r  domain s othe r  tha n arithmetic .  Fur -
thermore ,  I N F E R *  doe s no t  mak e an y attemp t  t o 
generaliz e acros s student s i n a n effor t  t o exten d it s 
librar y o f  bugs . 

Lik e INFER* ,  th e theor y revisio n technique s use d 
by Asser t  ca n b e biase d wit h specifi c  heuristic s 
and know n bugs ,  bu t  wil l  operat e effectivel y withou t 
them .  Furthermore ,  Asser t  contain s a n algorith m 
fo r  extractin g c o m m o n element s fro m multipl e stu -
dent  model s an d thu s ca n automaticall y exten d it s 
librar y o f  bugg y rules . 

Langle y et .  al .  (Langle y e t  al. ,  1984 ;  Ohls -
son an d Langley ,  1985 )  describ e th e A C M syste m 
whic h use s inductio n t o generat e a  productio n sys -
te m mode l  o f  a n individua l  studen t  fro m a  proble m 
spac e o f  operator s describin g th e domain .  Whil e 
A C M i s a  domai n independen t  algorithm ,  Langle y 
et .  al .  mak e th e assumptio n tha t  studen t  error s 
ar e onl y th e resul t  o f  correc t  action s take n i n a n 
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incorrec t  context .  Thi s prohibit s A C M fro m mod -
elin g illega l  actions .  Also ,  eac h ru n o f  A C M start s 
wit h n o knowledg e o f  whe n operator s shoul d b e ap -
plied ,  forcin g i t  t o spen d tim e modelin g bot h correc t 
and bugg y studen t  contro l  knowledg e tha t  coul d b e 
preprogrammed .  Finally ,  ther e i s n o facilit y  withi n 
A CM fo r  buildin g i n typica l  studen t  bug s no r  fo r 
usin g th e outpu t  o f  on e ru n t o ai d subsequen t  mod -
elin g efforts . 

6 Future Work 

There are two chief disadvantages to the current As-
ser t  system .  First ,  w e hav e no t  teste d ASSERT o n 
rea d studen t  data .  Ou r  curren t  effort s ar e focuse d 
on obtadnin g dat a t o ru n suc h tests .  Second ,  a s dis -
cusse d abov e (sectio n 3.4) ,  ou r  simpl e metho d o f 
incorporatin g al l  bug s fro m th e stereotypica l  mode l 
shoul d b e replace d wit h a  revise d theor y revisio n al -
gorith m tha t  i s  biase d toward s preferrin g th e bugs . 
C o m m on misconception s woul d b e trie d befor e mor e 
genera l  purpos e revision s s o tha t  bug s woul d onl y b e 
considere d fo r  student s wh o actuall y exhibi t  prob -
lems .  Finally ,  ASSERT coul d als o b e extende d t o 
use a  first-orde r  theor y revisio n algorith m (Richard s 
and Mooney ,  1991) .  Thi s migh t  enabl e ASSERT t o 
model  relationa l  an d procedura l  proble m domains . 

7 Conclusions 

This paper has described a new algorithm for stu-
dent  modelin g calle d ASSERT.  Asser t  use s theor y 
revisio n t o dynamicall y construc t  studen t  models . 
Multipl e studen t  model s ar e combine d t o automati -
call y construc t  a  bu g librar y o f  stereotypica l  studen t 
errors .  Theor y revisio n ha s bee n show n t o b e mor e 
eflFectiv e tha n stati c bu g librar y approache s a s wel l 
as inductiv e modelin g techniques .  Revisin g a  rul e 
base o f  stereotypica l  studen t  error s allow s Asser t 
t o buil d an d refin e a  bu g librar y whil e retainin g th e 
flexibility  t o addres s nove l  misconceptions . 
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