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oper at or- A- uses ‹ ( on- oper at or- A- s i de r i ght )
oper at or- A- uses ‹ ( on- oper at or- A- s i de l ef t )  ( not  ( oper at or- A ass i gn) )
oper at or- A- set s ‹ ( oper at or- A aut o- i nc r )
oper at or- A- set s ‹ ( on- oper at or- A- s i de l ef t )  ( oper at or- A modi f y - ass i gn)
oper at or- A- set s ‹ ( on- oper at or- A- s i de l ef t )  ( oper at or- A ass i gn)
oper at or- B- uses ‹ ( on- oper at or- B- s i de r i ght )
oper at or- B- uses ‹ ( on- oper at or- B- s i de l ef t )  ( not  ( oper at or- B ass i gn) )
oper at or- B- set s ‹ ( oper at or- B aut o- i nc r )
oper at or- B- set s ‹ ( on- oper at or- B- s i de l ef t )  ( oper at or- B modi f y - ass i gn)
oper at or- B- set s ‹ ( on- oper at or- B- s i de l ef t )  ( oper at or- B ass i gn)
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whi ch oper at e i n concept  l ear ni ng domai ns .  I t  i s  abl e t o cons t r uc t  s t udent  model s  effic i ent l y
and aut omat i cal l y,  cat chi ng bot h expec t ed and novel  s t udent  behav i or.  I t  i s  t he fi r s t  model i ng
sys t em whi ch can cons t r uc t  bug l i br ar i es  aut omat i cal l y  us i ng t he i nt er ac t i ons  of  mul t i pl e s t u-
dent s ,  wi t hout  r equi r i ng i nput  f r om t he aut hor,  and i nt egr at e t he r esul t s  i nt o f ut ur e model i ng
eff or t s .  Fi nal l y,  t he empi r i cal  ev i dence pr esent ed suppor t s  t he t wo pr i nc i pal  c l ai ms  of  t hi s
r esear ch:  ( 1)  t hat  aut omat i cal l y  cons t r uc t ed r efinement - based model s  can be used t o s i gni fi -
cant l y  i nc r ease s t udent  per f or mance and ( 2)  t hat  a bug l i br ar y  can al so be cons t r uc t ed aut o-
mat i cal l y  us i ng mul t i pl e s t udent  model s  as  i nput .
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Appendi x  A.C++ Tut or  Domai n

Domain Features:

poi nt er : { cons t ant ,  non- cons t ant ,  absent }
i nt eger : { cons t ant ,  non- cons t ant }
poi nt er- i ni t : { t r ue,  f al se}
i nt eger- i ni t : { t r ue,  f al se}
poi nt er- set : { t r ue,  f al se}
i nt eger- set : { yes ,  no,  t hr ough- poi nt er }
mul t i pl e- oper ands :{ t r ue,  f al se}
pos i t i on- A: { nor mal ,  l ef t - l azy,  r i ght - l azy }
oper at or- A- l azy : { AND,  OR}
l azy - A- l ef t - val ue:{ non- zer o,  zer o}
on- oper at or- A- s i de:{ l ef t ,  r i ght }
on- oper at or- B- s i de:{ l ef t ,  r i ght }
oper at or- A: { ass i gn,  modi f y - ass i gn,  mat hemat i cal ,  l ogi cal ,  compar i son,  aut o- i nc r }
oper at or- B: { ass i gn,  modi f y - ass i gn,  mat hemat i cal ,  l ogi cal ,  compar i son,  aut o- i nc r }

Corr ect Domain Theory:

compi l e- er r or ‹ cons t ant - not - i ni t
compi l e- er r or ‹ cons t ant - ass i gned
cons t ant - not - i ni t‹ ( poi nt er  cons t ant )  ( poi nt er- i ni t  f al se)
cons t ant - not - i ni t‹ ( i nt eger  cons t ant )  ( i nt eger- i ni t  f al se)
cons t ant - ass i gned‹ ( i nt eger  cons t ant )  i nt eger- i ni t  ( i nt eger- set  yes )
cons t ant - ass i gned‹ ( i nt eger  cons t ant )  i nt eger- i ni t( i nt eger- set  t hr ough- poi nt er )
cons t ant - ass i gned‹ ( poi nt er  cons t ant )  poi nt er- i ni t  poi nt er- set
ambi guous ‹ mul t i pl e- oper ands  oper ands- l i nked
oper ands- l i nked‹ oper and- A- uses  oper at or- B- set s
oper ands- l i nked‹ oper and- A- set s  oper at or- B- uses
oper and- A- uses ‹ oper and- A- eval uat ed oper at or- A- uses
oper and- A- set s ‹ oper and- A- eval uat ed oper at or- A- set s
oper and- A- eval uat ed‹ ( pos i t i on- A nor mal )
oper and- A- eval uat ed‹ ( pos i t i on- A l ef t - l azy )
oper and- A- eval uat ed‹ ( pos i t i on- A r i ght - l azy )  l azy - A- f ul l - eval
l azy - A- f ul l - eval‹ ( oper at or- A- l azy  AND)  ( l azy - A- l ef t - val ue non- zer o)
l azy - A- f ul l - eval‹ ( oper at or- A- l azy  OR)  ( l azy - A- l ef t - val ue zer o)
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des i gned f or  use i n c l ass i ficat i on domai ns .  As  an exampl e of  t hi s  di ff er ence,  sever al  pr ev i ous
s t udent  model i ng eff or t s  have f ocused on t he domai n of  wr i t i ng comput er  pr ogr ams ( Mi l l er
and Gol ds t ei n,  1977;  Sol oway  et  al . ,  1983;  Sol oway  and Johnson,  1984) ,  wher eas  t hi s
r esear ch was  t es t ed us i ng a c l ass i ficat i on t ask  wher e s t udent s  wer e asked t o j udge t he cor -
r ec t ness  of  pr ogr am segment s .  Thi s  t i e t o c l ass i ficat i on domai ns  i s  l argel y  due t o t he f ac t  t hat
t he mos t  mat ur e t heor y - r efinement  al gor i t hms devel oped t hus  f ar  ar e des i gned f or  c l ass i fica-
t i on and i s  not  a l i mi t at i on of  t he gener al  f r amewor k  ofASSERT per  se.  So,  f or  i ns t ance,  as
fi r s t  or der  l ogi c  r efinement  met hods  ar e enhanced ( Ri char ds  and Mooney,  1995) ,ASSERT can
be updat ed accor di ngl y,  enabl i ng i t  t o addr ess  a wi der  r ange of  appl i cat i ons .  However,  i t  i s
not  i mmedi at el y  c l ear  how easy  i t  woul d be t o mapASSERT t o a pr ocedur al  domai n.

Shi f t i ng t he f ocus  of  model i ng t o a concept - l ear ni ng emphas i s  i s  not  unpr ecedent ed.
Ot her  r esear cher s ,  mos t  not abl y  Gi l mor e and Sel f  ( Gi l mor e & Sel f ,  1988) ,  have r ecogni zed
t he pot ent i al  of  us i ng machi ne l ear ni ng f or  t ut or i ng concept ual  knowl edge.  Concept  l ear ni ng
al so has  a f ai r l y  wel l  expl or ed pedagogy  ( Di ck  & Car ey,  1990)  and eff ec t i ve t echni ques  f or
r espondi ng t o i ncor r ec t  s t udent  c l ass i ficat i ons  ar e al r eady  ex t ant  i n t he l i t er at ur e ( Tennyson
& Par k ,  1980) .  Thus  a gener al  t echni que f or  model i ng i n concept  domai ns  has  a wi de appl i -
cabi l i t y  and can be coupl ed wi t h i ns t r uc t i onal  t echni ques  shown t o be eff ec t i ve i n t he pr esen-
t at i on of  concept ual  mat er i al  ( Tennyson,  1971) .

The second i ssue of  i mpor t ance i s  t he compar i son of  t he C++ Tut or  exper i ment s  t o pr ev i -
ous  s t udi es  per f or med on t he ut i l i t y  of  s t udent  model i ng.  Much of  t he cont r over sy  over  s t u-
dent  model i ng s t ems f r om a popul ar  bel i ef  t hat  det ai l ed s t udent  model s  ar e enor mous l y
di fficul t  t o bui l d and yet  r esul t  i n l i t t l e or  no pr ac t i cal  val ue.  I n t r ut h,  however,  pr ev i ous
s t udi es  ar e f ew i n number  and have r eached di spar at e conc l us i ons :  one shows s t udent  model -
i ng t o be i neff ec t i ve ( Sl eeman,  1987) ,  anot her  shows  t hat  model i ng can i ndeed have a pos i -
t i ve eff ec t  ( Ni col son,  1992) .  Bot h of  t hese s t udi es  used a bug l i br ar y  appr oach i n whi ch an
ex t ens i ve l i br ar y  was  bui l t  by  hand r at her  t han aut omat i cal l y  as  i nASSERT.  Fur t her mor e,
bot h pr ev i ous  s t udi es  used a di ff er ent  f or m of  r et eachi ng t han t hat  used i n t he C++ Tut or .
Thus  t he C++ Tut or  cannot  be seen as  a di r ec t  compar i son t o pr ev i ous  exper i ment s .  I n can
and shoul d,  however,  be seen as  ev i dence t hat  eff ec t i ve s t udent  model s  can be cons t r uc t ed
aut omat i cal l y  whi ch wi l l  pos i t i vel y  i mpac t  s t udent  per f or mance.

Whi ch l eads  t o t he t hi r d i mpor t ant  i ssue;  namel y,  t he k i nd of  model i ng done and t he way
i n whi ch i t  i s  used.  The empi r i cal  r esul t s  her e show s i mpl y  t hat  aut omat i c  model i ng can have
a s i gni ficant  i mpac t  on s t udent  per f or mance.  Thi s  says  not hi ng,  however,  about  t he sor t  of
model s  one ought  t o bui l d nor  about  t he bes t  way  t o use t hem.  For  exampl e,  i t  may  be t hat
equal l y  s i gni ficant  r esul t s  coul d be achi eved by  us i ng a f ar  s i mpl er  model i ng t echni que,  or
t hat  f ar  bet t er  r esul t s  coul d ar i se f r omASSERT model s  i f  t he s t udent  wer e al l owed mor e con-
t r ol  over  t he number  or  t ype of  count er  exampl es  pr esent ed as  f eedback .  Fur t her mor e,  one
need not  r es t r i c t  t he model i ng capabi l i t y  ofASSERT f or  use onl y  on r emedi at i on t asks .
Anot her  way  t o i nt er pr et  a “ mi sconcept i on”  i s  as  an expr ess i on of  a di ff er ent  way  t o sol ve a
gi ven pr obl em.  The mos t  common bugs  i n t he bug l i br ar y  may  ac t ual l y  i ndi cat e t hat  t he i ni -
t i al  “ cor r ec t ”  r ul e base does  not ,  i n f ac t ,  cover  al l  cor r ec t  sol ut i ons .  Thus  i t  may  be poss i bl e
t o useASSERT as  a knowl edge acqui s i t i on t ool  whi ch can l ear n f r om “ c r eat i ve”  s t udent s .  I n
any  event ,  t he s i gni ficant  f eat ur es  ofASSERT ar e t hat  i t  i s  a gener al - pur pose met hod,  t hat  i t
wor ks  aut omat i cal l y,  and t hat  i t  can s i gni ficant l y  enhance s t udent  per f or mance.

7 Conclusions

I n conc l us i on,ASSERT i s  a gener al - pur pose met hod f or  cons t r uc t i ng s t udent  model i ng t ut or s
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Par t  ( a)  of  Tabl e3 compar es  t he t hr ee l i br ar i es  based on s i ze and on how many  of  t he s i x
s t andar d bugs  wer e f ound.  The 20- 180 l i br ar y  per f or med t he bes t ,  findi ng al l  s i x  common
bugs .  That  r esul t  i s  r eadi l y  j us t i fied—by dr as t i cal l y  r educ i ng t he amount  of  i nf or mat i on on
each s t udent ,  i ndi v i dual  bugs  ar e much l ess  l i kel y  t o be f ound and t hus  much l ess  l i kel y  t o
end up i n t he bug l i br ar y.  Yet ,  t he 100- 12 l i br ar y  out per f or med t he 20- 12 l i br ar y.  Thus ,  even
t hough hav i ng smal l er  amount s  of  dat a per  s t udent  r educes  t he chances  t hat  a common bug
wi l l  be f ound f or  any  gi ven i ndi v i dual ,  i nc r eas i ng t he number  of  s t udent s  i mpr oves  t he l i ke-
l i hood t hat  t he bug wi l l  be pr esent  i n some s t udent .

However,  not e t hat  t he t ot al  over al l  s i ze of  t he 100- 12 bug l i br ar y  i s  l arges t  of  any  of  t he
t hr ee l i br ar i es .  I n f ac t ,  t he 100- 12 l i br ar y  has  t he l owes t  r at i o of  common bugs  t o t ot al  bugs
i n t he l i br ar y.  Thi s  di l ut i on i s  a pot ent i al  pr obl em when t he bug l i br ar y  i s  used i n subsequent
model i ng eff or t s .  Recal l  f r om Sec t i on4. 2 t hat  t he bug l i br ar y  i s  t r eat ed as  a sear ch space of
r efinement s  whi ch i s  t r aver sed i n an eff or t  t o i mpr ove t he accur acy  of  t he r ul e base bef or e i t
i s  passed t oNEI THER.  I nc r eas i ng t he s i ze of  t he bug l i br ar y  wi dens  t he sear ch,  mak i ng i t
pot ent i al l y  l ess  l i kel y  t hat  t he common bugs  wi l l  be sel ec t ed,  whi ch coul d,  i n t ur n,  dec r ease
t he model i ng accur acy.

Thi s  concer n i s  addr essed i n Par t  ( b)  of  Tabl e3 whi ch shows r esul t s  f r om mor e abl at i on
t es t s  ai med at  det er mi ni ng i f  t he r at i o of  common bugs  t o l i br ar y  s i ze i s  det r i ment al  i n t er ms
of  model i ng accur acy.  For  t hese t es t s ,  a new c r op of  s i mul at ed s t udent s  was  c r eat ed,  and
each abl at i on t es t  was  r un wi t h t hi s  same set  of  s t udent s ,  var y i ng t he bug l i br ar y.  For  each
s t udent  onl y  10 of  t he 180 exampl es  wer e used f or  t r ai ni ng,  l eav i ng t he r emai ni ng 170 f or
t es t i ng.  As  t he number s  i n t he t abl e show,  t he 20- 12 l i br ar y  r esul t s  i n al mos t  no i mpr ovement
f orASSERT- Ful l  andASSERT- BugOnl y  ( whi ch used j us t  t he l i br ar y  wi t houtNEI THER)  as
opposed t oASSERT- NoBugs  ( whi ch used no bug l i br ar y ) .  By  cont r as t ,  when t he “ bet t er ”  bug
l i br ar i es  ar e used,  t he accur acy  ofASSERT- Ful l  andASSERT- BugOnl y  i s  s i gni ficant l y  bet t er.

Thi s  i mpl i es  t hat  a bug l i br ar y  can be i nc r ement al l y  i mpr oved as  mor e s t udent s  i nt er ac t
wi t h t he sys t em,  even i f  t he s t udent  i nt er ac t i on i s  moder at e,  r esul t i ng i n mor e accur at e mod-
el i ng.  And as  t he dat a f r om Tabl e1 and Tabl e2 shows ,  mor e accur at e model s  l ead t o bet t er
r emedi at i on and i mpr oved s t udent  per f or mance.

5.2 Summary of Results

To r ecap,  t he mai n r esul t  pr esent ed i n t hi s  sec t i on was  t hatASSERT was  shown t o s i gni fi -
cant l y  i mpr ove s t udent  per f or mance i n a t es t  i nvol v i ng 100 col l ege l evel  s t udent s  us i ng a
C++ Tut or  devel oped wi t hASSERT.  Fur t her mor e,  i t  was  shown t hat  t hose s t udent s  f or  whi ch
ASSERT was  abl e t o cons t r uc t  s i gni ficant l y  bet t er  model s  wer e t he s t udent s  whose per f or -
mance i mpr oved t he mos t .  And whi l e t he use of  a bug l i br ar y  di d not  s i gni ficant l y  enhance
s t udent  per f or mance,  addi t i onal  ev i dence was  pr esent ed demons t r at i ng t he l i kel i hood t hat
t he cont ent s  of  t he l i br ar y  coul d i mpr ove over  t i me so as  t o s i gni ficant l y  i mpac t  on t he mod-
el i ng pr ocess .  Thi s  empi r i cal  ev i dence suppor t s  t he t wo pr i nc i pal  c l ai ms  of  t hi s  r esear ch:  ( 1)
t hat  aut omat i cal l y  cons t r uc t ed r efinement - based model s  can be used t o s i gni ficant l y  i nc r ease
s t udent  per f or mance and ( 2)  t hat  a bug l i br ar y  can be cons t r uc t ed aut omat i cal l y  over  t i me
t hat  can enhance r efinement - based model i ng.

6 Discussion

Sever al  i mpor t ant  i ssues  have been r ai sed by  t hi s  r esear ch t hat  mus t  be emphas i zed so as  t o
pl ace t he wor k  i nt o a pr oper  cont ex t .  The fi r s t  i ssue concer ns  t he t ype of  knowl edge bei ng
model ed.  Unl i ke t he pr ev i ous  model i ng eff or t s ,  whi ch f ocus  on pr ocedur al  t asks ,ASSERT i s
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abl at i on t es t s  l i ke t he one desc r i bed i n t he pr ev i ous  sec t i on.  I n such a t es t ,  “ s t udent s ”  wer e
s i mul at ed by  modi f y i ng a cor r ec t  t heor y  us i ng s i x  s t andar d bugs  sel ec t ed pr obabi l i s t i cal l y,
pl us  addi t i onal  r andom r ul e changes .  The modi fied t heor y  was  t hen used t o gener at e
“ answer s ”  f or  180 f eat ur e vec t or s  r epr esent i ng a hypot het i cal  “ mul t i pl e- choi ce exam. ”
Those answer s  wer e t hen passed t oASSERT t o see how wel l  i t  coul d r epr oduce t he modi fied
t heor y.  Once t hi s  was  done f or  20 s t udent s ,  r esul t i ng i n 20 s t udent  model s ,  t he model s  wer e
combi ned t o bui l d a bug l i br ar y.

Tabl e3 i s  a compar i son of  t hr ee l i br ar i es  cons t r uc t ed us i ng t hi s  t echni que,  but  wi t h var y -
i ng number s  of  s i mul at ed s t udent s  and var y i ng amount s  of  exampl e answer s  per  s t udent .  The
fir s t  l i br ar y,  denot ed 20- 180,  was  f or med f r om 20 s t udent  model s  bui l t  wi t h al l  t he 180
exampl e answer s  per  s t udent .  The second l i br ar y,  20- 12,  used 20 s t udent s  wi t h onl y  12
exampl e answer s  per  s t udent  chosen r andoml y  f or  each s t udent  f r om among t he 180 poss i -
bl e.  The 100- 12 l i br ar y  was  bui l t  f r om 100 s t udent s  answer i ng 12 r andoml y  sel ec t ed ques-
t i ons .  Concept ual l y,  t hese t hr ee l i br ar i es  wer e des i gned t o compar e t hr ee di ff er ent
condi t i ons :  a f ew s t udent s  answer i ng l ot s  of  ques t i ons ,  a f ew s t udent s  answer i ng a f ew ques -
t i ons ,  and a l arge number  of  s t udent s  answer i ng a f ew ques t i ons .  Thi s  compar i son was  ai med
at  answer i ng t he f ol l owi ng t wo- par t  ques t i on:  ( 1)  ar eASSERT bug l i br ar i es  onl y  eff ec t i ve
when s t udent s  answer  a l arge number  of  ques t i ons ,  or  ( 2)  can one expec t  eff ec t i ve bug l i br ar -
i es  t o emerge f r om a l arge number  of  s t udent s  answer i ng a mor e r easonabl e number  of  ques-
t i ons .  I f  usef ul  bug l i br ar i es  cannot  be cons t r uc t ed f r om smal l  s t udent  model s ,  t hen t he
ut i l i t y  of  anASSERT bug l i br ar y  i s  l i mi t ed s i nce one woul d s t i l l  be t i ed t o col l ec t i ng l arge
amount s  of  dat a on some s t udent s  t o cons t r uc t  t he l i br ar y.  Whi l e mor e s t udent  dat a wi l l
al ways  r esul t  i n mor e accur at ei ndi v i dualmodel s ,  i t  i s  i mpor t ant  t o show t hat  a goodcol l ec -
t i ve bug l i br ar y  can s t i l l  be bui l t  over  t i me us i ng l ess  accur at e model s  as  i nput .

20-12 Library

ASSERT-Full
ASSERT-BugOnly
ASSERT-NoBugs
Correct Theory
Induction

System

68.7
68.6
67.6
63.1
25.4

20-180 Library

79.4
79.9
69.8
63.5
26.0

100-12 Library

84.8
84.6
68.2
62.6
23.9

Total Examples Common Total Bugs
Students per Student Bugs Found in Library

20
20

100

180
12
12

all 6
2
4

29
15
48

(a)

(b)

Tabl e3:  Compar i son of  bug l i br ar i es .  Par t  ( a)  compar es  l i br ar i es  on s i ze and
t ot al  number  of  bugs  f ound,  par t  ( b)  compar es  accur acy  of  model i ng.

Accuracy using different starting Bug Library

Library

20-180 Library
20-12 Library
100-12 Library
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so as  t o be equi val ent l y  r epr esent at i ve ac r oss  t he cor r ec t  domai n r ul es .  Such a r epr esent at i ve
qual i t y  i s  i mpor t ant  t o mai nt ai n so t hat  any  eff ec t s  f r om model i ng wi t h t he t r ai ni ng set  ar e
mani f es t ed i n t he t es t  set .  Ther ef or e,  t he 20 exampl es  f r om t he pr e- t es t  and pos t - t es t  wer e
gr ouped i nt o 10 pai r s ,  wher e each pai r  cons i s t ed of  t he t wo exampl es  ( one f r om t he pr e- t es t
and one f r om t he pos t - t es t )  whi ch cover ed t he same domai n r ul e.  Then,  t r ai ni ng and t es t  set
spl i t s  wer e gener at ed by  r andoml y  di v i di ng each pai r.

The r esul t  was  210 poss i bl e t r ai ni ng- t es t  set  spl i t s .  For  each of  t he 25 No Feedback  s t u-
dent s ,  25 t r ai ni ng- t es t  spl i t s  wer e gener at ed,  y i el di ng 625 sampl es  f or  compar i ngASSERT-
Ful l  andASSERT- NoBugs .  Each sys t em was  t r ai ned wi t h t he t r ai ni ng set  and accur acy  was
measur ed on t he t es t  set  by  compar i ng what  t he sys t em pr edi c t ed wi t h what  t he s t udent  f r om
t he No Feedback  gr oup ac t ual l y  answer ed.  The r esul t s  ar e shown i n Tabl e2.  For  compar i son
pur poses ,  we al so measur ed t he accur acy  of  bot h an i nduc t i ve l ear ner,  us i ng t he same t r ai n-
i ng and t es t  set  spl i t s ,  and t he cor r ec t  domai n r ul es .  The i nduc t i ve l ear ner  was  r un by  s t ar t i ng
NEI THER wi t h no i ni t i al  t heor y,  i n whi ch caseNEI THER bui l ds  r ul es  by  i nduc t i on over  t he
t r ai ni ng exampl es  us i ng a pr opos i t i onal  ver s i on of  t he FOI L al gor i t hm ( Qui nl an,  1990) .  For
t he cor r ec t  t heor y  no l ear ni ng was  per f or med,  i . e. ,  t he cor r ec t  domai n r ul es  wer e used wi t h-
out  modi ficat i on t o pr edi c t  t he s t udent ’s  answer s .  St at i s t i cal  s i gni ficance was  measur ed us i ng
a t wo- t ai l ed St udent  t - t es t  f or  pai r ed di ff er ence of  means  at  t he 0. 05 l evel  of  confidence.

These r esul t s  i l l us t r at e t hat  t he gr oups  wi t h s i gni ficant l y  bet t er  model s ,ASSERT- Ful l  and
ASSERT- NoBugs ,  ar e pr ec i sel y  t he gr oups  whi ch per f or med bes t  af t er  r emedi at i on i n Tabl e1.
Thi s  i s  f ur t her  ev i dence i n suppor t  of  t he f ac t  t hat  mor e accur at e s t udent  model i ng can t r ans-
l at e di r ec t l y  t o i mpr oved s t udent  per f or mance v i a mor e di r ec t ed r emedi at i on.  Tabl e2 al so
r ei nf or ces  t he findi ng of  ot her  s t udi es  ( Our s t on and Mooney,  1994)  t hat  i nduc t i ve met hods
ar e s i mpl y  not  as  eff ec t i ve as  t heor y  r efinement  i n t er ms  of  accur acy.

5.1.3 Bug Library Utility T est

However,  not e t hat  t he di ff er ences  i n Tabl e1 and Tabl e2 bet weenASSERT- Ful l  andASSERT-
NoBugs  ar e not  s i gni ficant .  Thi s  means  t he use of  t he bug l i br ar y  di d not  s i gni ficant l y  i mpac t
t he per f or mance of  t he s t udent  as  expec t ed,  cas t i ng doubt s  as  t o i t s  ut i l i t y.  Cer t ai nl y  hav i ng a
bug l i br ar y  di d no har m t o pos t - t es t  per f or mance,  and per haps  wi t h mor e dat a t he di ff er ence
bet ween t he t wo gr oups  woul d i ndeed have been s i gni ficant .  Thus  i t  woul d be usef ul  t o know
mor e about  t he condi t i ons  under  whi ch a bug l i br ar y,  as  cons t r uc t ed aut omat i cal l y  by
ASSERT,  mi ght  be expec t ed t o i mpac t  t he model i ng pr ocess .

A ser i es  of  t es t s  des i gned t o addr ess  t hi s  ques t i on,  desc r i bed i n det ai l  i n ( Baff es ,  1994) ,
can be summar i zed by  t he r esul t s  shown i n Tabl e3.  Thi s  dat a was  gener at ed us i ng s i mul at ed

Average

ASSERT-FULL

ASSERT-NoBugs
Correct Theory
Induction

System Accuracy

62.4
62.0
55.8
49.4

Tabl e2:  Resul t s  f or  C++ Tut or  model i ng t es t .  The di f f er ences  bet weenASSERT-
Ful l  andASSERT- NoBugs  ar e not  s i gni f i cant  ( al l  ot her s  ar e s i gni f i cant ) .
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c l uded f r om Tabl e1 i s  t hatASSERT- s t y l e f eedback  based on a model  of  t he s t udentcan s i g-
ni ficant l y  i nc r ease per f or mance.  Ther e ar e no c l ai ms ,  however,  as  t ohow much i nc r ease one
wi l l  get ,  whet her  t he i nc r ease wi l l  al ways  ar i se f or  ever y  domai n,  how much t he i nc r ease
depends  upon t he s i ze of  t he pr e- t es t  dat a gi ven t oASSERT’s  model er,  nor  what  t he per f or -
mance wi l l  be f or  ot her  f or ms  of  model i ng or  r et eachi ng.  What  has  been i l l us t r at ed i s  t hat  t he
aut omat i c  model i ng and f eedback  per f or med byASSERT can l ead t o s i gni ficant  per f or mance
i mpr ovement s  over  f eedback  us i ng no model i ng at  al l .

Thi s  i s  t he mos t  i mpor t ant  empi r i cal  r esul t  f r om t hi s  r esear ch.  I t  i l l us t r at es  t hatASSERT

can be used t o bui l d a t ut or i al  t hat  s i gni ficant l y  i mpac t s  s t udent  per f or mance wher e bot h
model s  and bug l i br ar i es  ar e aut omat i cal l y  cons t r uc t ed us i ng onl y  cor r ec t  knowl edge of  t he
domai n.  Fur t her mor e,  i t  i s  anot her  argument  i n f avor  of  t he use of  s t udent  model s  s i nce i t
shows ( 1)  t hat  t hey  can have s i gni ficant  i mpac t  over  not  model i ng at  al l  and ( 2)  t hat  t hey  can
be cons t r uc t ed aut omat i cal l y  wi t hout  r esor t i ng t o t he t i me- consumi ng t ask  of  hand c r af t i ng a
l i br ar y  of  bugs .

5.1.2 Modeling Performance using the C++ Tutor

The second i mpor t ant  ques t i on t o answer  i s  whet her  or  not  t her e i s  a cor r el at i on bet ween t he
abi l i t y  ofASSERT t o pr oduce an accur at e model  and an i mpr ovement  i n s t udent  per f or mance.
Thi s  r equi r es  t es t i ng t he model i ng per f or mance ofASSERT i n t he C++ domai n,  check i ng how
t he var i ous  f eat ur es  of  t he al gor i t hm i mpac t  t he pr edi c t i ve accur acy  of  t he r esul t i ng model s .
Thi s  can be accompl i shed us i ng an abl at i on t es t  f or mat ,  i n whi ch var i ous  pi eces  ofASSERT

ar e di sabl ed and t he r esul t i ng sys t ems compar ed based on t he accur acy  of  t he model s  t hey
pr oduce.  Ther e ar e t wo di ff er ent  configur at i ons  i n whi chASSERT was  used f or  model i ng.  The
fir s t ,  whi ch i s  l abel ed “ASSERT- Ful l , ”  uses  ever y t hi ng avai l abl e t o cons t r uc t  t he model .  Thi s
means  r ef er enc i ng a bug l i br ar y  t o c r eat e a modi fied t heor y  whi ch i s  t hen f ed t oNEI THER f or
f ur t her  r efinement .  Thi s  met hod shoul d pr oduce t he mos t  accur at e model s .  The second t ech-
ni que,  l abel ed “ASSERT- NoBugs , ”  sk i ps  t he bug l i br ar y  and uses  onl yNEI THER.  One woul d
expec tASSERT- Ful l  t o out per f or mASSERT- NoBugs  because of  t he addi t i onal  i nf or mat i on i n
t he l i br ar y.

I n t he C++ domai n,  onl y  t he dat a f r om t he No Feedback  gr oup i s  usef ul  f or  an abl at i on
t es t .  Thi s  i s  because no r emedi at i on occur r ed bet ween t he pr e- t es t  and pos t - t es t  f or  t he s t u-
dent s  i n t hi s  gr oup;  t hus ,  t hei r  20 ques t i ons  coul d be t r eat ed as  a s i ngl e uni t  f r om whi ch
t r ai ni ng set  and t es t  set  exampl es  coul d be dr awn.  These t r ai ni ng- t es t  spl i t s  wer e gener at ed

Group

ASSERT-Full
ASSERT-NoBugs
Reteaching
No Feedback

23.2
19.6
7.2
2.0

Tabl e1:  C++ Tut or  r emedi at i on t es t .  Scor es  i ndi cat e per cent age of  pr obl ems an-
swer ed cor r ec t l y .  ANOVA anal ys i s  on aver age i nc r ease r esul t s  i n s i gni f i cance

bet ween al l  gr oups  except  bet weenASSERT- Ful l  andASSERT- NoBugs  and
bet ween Ret eachi ng and No Feedback .

Average
Pre-test Score

Average
Post-test Score

Average
Increase

67.6
67.2
58.0
56.8

44.4
47.6
50.8
54.8
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i s  meant  by  “ r et eachi ng”  i s  ex t r emel y  i mpor t ant ,  as  i t  can have a pr of ound i mpac t  on t he
r esul t s  of  t he exper i ment .  Fur t her mor e,  r et eachi ng met hods  var y,  mak i ng i t  i mpor t ant  t o c l ar -
i f y  t he exac t  appr oach used.  For  t hi s  exper i ment ,  t he essent i al  poi nt  was  t o i l l us t r at e whet her
f eedback  based on model i ng made any  di ff er ence over  f eedback  based on no model i ng at  al l .
To t hat  end,  we chose an aut omat ed f or m of  r et eachi ng whi ch used no i nf or mat i on about  t he
s t udent ,  not  even whi ch answer s  t he s t udent  got  r i ght  or  wr ong.  I n such an i nf or mat i onal
vacuum,  t he opt i on l ef t  f or  r et eachi ng i s  t o sel ec t  at  r andom f r om t he r ul e base f or  r emedi a-
t i on.  Thus ,  f or  t he “ Ret eachi ng”  gr oup,ASSERT sel ec t ed f our  r ul es  at  r andom f r om t he r ul e
base,  and an expl anat i on and exampl e was  gener at ed f or  each r ul e.6

The ot her  t wo gr oups  r ecei ved f eedback  based on t he model s  cons t r uc t ed f or  t he s t udent
f r om hi s  or  her  answer s  t o t he pr e- t es t  ques t i ons .  For  one gr oup ( t he “ASSERT- Ful l ”  gr oup)
t he f ul lASSERT al gor i t hm was  used t o bui l d t he model  and f or  t he ot her  gr oup ( t he “ASSERT-
NoBugs”  gr oup)  onl yNEI THER was  used,  i . e. ,  no bug l i br ar y  i nf or mat i on was  gi ven t o t he
sys t em.  For  bot h t hese gr oups ,  bugs  wer e sel ec t ed f or  r emedi at i on based on t he or der  t hey
wer e f ound byNEI THER.7 For  t heASSERT- Ful l  gr oup,  bugs  f r om t he bug l i br ar y  wer e gi ven
pr ef er ence t o t hose f ound byNEI THER,  i n or der  of  t hei r  s t er eot ypi cal i t y  val ue.  I n bot h t he
ASSERT- Ful l  andASSERT- NoBugs  gr oups ,  i f  f ewer  t han f our  bugs  wer e f ound,  t he r emai nder
of  t he f eedback  was  sel ec t ed at  r andom as  wi t h t he Ret eachi ng gr oup.

St udent s  wer e ass i gned t o t he f our  gr oups  r andoml y.  Si nce t heASSERT- Ful l  gr oup
r equi r ed a bug l i br ar y,  t he fi r s t  45 s t udent s  t o t ake t he t ut or i al  wer e r andoml y  ass i gned t o t he
ASSERT- NoBugs ,  Ret eachi ng and No Feedback  gr oups .  The model s  f r om t hese fi r s t  45 s t u-
dent s  wer e t hen used t o cons t r uc t  a bug l i br ar y.  The r emai ni ng 55 s t udent s  wer e r andoml y
ass i gned t o al l  f our  gr oups  but  at  t hr ee t i mes  t he r at e t o t heASSERT- Ful l  gr oup unt i l  t he num-
ber  of  s t udent s  ass i gned t o al l  gr oups  was  even ( 25 s t udent s  i n each gr oup) .

Si nce t he f our  gr oups  of  s t udent s  each had a di ff er ent  aver age accur acy  on t he pr e- t es t
and pos t - t es t ,  t hey  wer e compar ed us i ng t he aver agei mprovement i n accur acy  bet ween pr e-
t es t  and pos t - t es t .  Al so because each gr oup cons i s t ed of  di ff er ent  s t udent s  wi t h no pai r i ng
bet ween gr oups ,  s i gni ficance was  measur ed us i ng an ANOVA t es t .  As  t he onl y  var i abl e
bet ween gr oups  was  t he f eedback  r ecei ved,  t he s i gni ficance t es t  used was  a 1- way  unpai r ed
ANOV A t es t  at  t he 0. 05 l evel  of  confidence us i ng Tukey ’s  mul t i pl e compar i son met hod
( Tukey,  1953) .  The aver age i mpr ovement  i n per f or mance f or  t he f our  gr oups  i s  shown i n
Tabl e1.

The r esul t s  of  t he exper i ment  confir med mos t  of  our  expec t at i ons .  As  pr edi c t ed,  t he aver -
age per f or mance decr eased as  t he f eedback  var i ed f r om f ul lASSERT t o no bug l i br ar y  t o
r et eachi ng t o not hi ng.  Mor eover,  bot h t heASSERT- Ful l  and t heASSERT- NoBugs  s t udent s
i mpr oved s i gni ficant l y  mor e t han s t udent s  i n t he Ret eachi ng gr oup.  ForASSERT- NoBugs ,  t he
i mpr ovement  over  Ret eachi ng i s  mor e t hat  12 per cent age poi nt s ,  and f or  t heASSERT- Ful l
gr oup,  t he aver age i mpr ovement  i s  even gr eat er.

I t  i s  i mpor t ant  t o be ver y  c l ear  about  t he r esul t s  i n Tabl e1.  Not e t hat  t her e i s  a gr eat  deal
of  var i ance among t he mean pr e- t es t  scor es  i n t he f our  gr oups .  Though none of  t he di ff er -
ences  among mean pr e- t es t  scor es  i s  s i gni ficant ,  t hei r  var i ance i s  a concer n when compar i ng
t he s i gni ficance of  t he di ff er ences  i n aver age i nc r ease f r om pr e- t es t  t o pos t - t es t .  However,
t hi s  i s  pr ec i sel y  why  t he ANOVA t es t  was  r un t o compar e t he s i gni ficance.  What  can be con-

6.  Not e t hat  we spec i fical l y  avoi ded compar i ngASSERT’s  r et eachi ng agai ns t  r et eachi ng by  a human t ut or.  Such a
compar i son r epr esent s  an ent i r el y  di ff er ent  t es t .  Her e we wer e concer ned wi t h det er mi ni ng whet herASSERT’s
aut omat i c  r et eachi ng was  an eff ec t i ve f eat ur e of  t he al gor i t hm.

7. NEI THER or der s  i t s  r efinement s  by  pr ef er r i ng t hose whi ch i nc r ease accur acy  t he mos t  wi t h t he smal l es t  change.
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f or mance over  a cont r ol  gr oup whi ch r ecei ved no f eedback .  Addi t i onal l y,  i t  was  expec t ed
t hat  s t udent s  who wer e model ed wi t h t he benefi t  of  a bug l i br ar y  woul d see gr eat er  per f or -
mance i nc r eases  over  s t udent s  who wer e model ed wi t hout  a l i br ar y.  Thi r d,  as  i n pr ev i ous  s t u-
dent  model i ng s t udi es  ( Sl eeman,  1987;  Ni col son,  1992)  we want ed t o t es t  how s t udent s
r ecei v i ng f eedback  based on s t udent  model s  woul d compar e agai ns t  s t udent s  r ecei v i ng a
s i mpl e f or m of  r et eachi ng f eedback .  I n t hi s  case,  t he expec t at i on was  t hat  r emedi at i on based
on model i ng woul d r esul t  i n gr eat er  pos t - t es t  per f or mance t han s i mpl e r et eachi ng.

Tes t i ng t hese t hr ee hypot heses  was  accompl i shed wi t h t hr ee exper i ment s :  one t o measur e
t he eff ec t s  of  r emedi at i on,  anot her  t o measur e t he accur acy  of  model i ng and a t hi r d t o t es t
t he ut i l i t y  of  t he bug l i br ar y.  I n t he nex t  t hr ee sec t i ons  each of  t hese t es t s  i s  desc r i bed i n t ur n.

5.1.1 Remediation with the C++ Tutor

For  t he r emedi at i on t es t ,  s t udent s  who used t he C++ Tut or  wer e di v i ded i nt o f our  gr oups .  One
gr oup r ecei ved t he f ul l  benefi t s  ofASSERT,  t he second used model s  f or med wi t hout  t he bene-
fi t  of  a bug l i br ar y,  t he t hi r d r ecei ved r et eachi ng and t he f our t h was  a cont r ol  gr oup whi ch
had no f eedback .  The expec t at i on was  t hat  t hese f our  gr oups  woul d exhi bi t  dec r eas i ng per -
f or mance on a pos t - t es t  as  t he r emedi at i on r anged f r om f ul lASSERT t o no bug l i br ar y  t o
r et eachi ng t o no f eedback .

To t es t  whet herASSERT can i mpac t  s t udent  per f or mance,  one needs  t o col l ec t  i nf or ma-
t i on f or  each s t udent  t hat  has  cer t ai n char ac t er i s t i cs .  To begi n wi t h,  dat a mus t  be col l ec t ed
bot h bef or e and af t er  any  f eedback  gi ven t o t he s t udent  t o det ec t  any  change i n per f or mance.
Thus  t he C++ Tut or  was  cons t r uc t ed as  a ser i es  of  t wo t es t s  wi t h a r emedi at i on sess i on i n
bet ween.  Secondl y,  t he dat a f r om t he t wo t es t s  mus t  be equal l y  r epr esent at i ve of  t he s t u-
dent ’s  capabi l i t y  and mus t  be col l ec t ed i n s i mi l ar  ways .  The onl y  way  t o det ec t  a t r ans f er  of
i nf or mat i on f r om t he t ut or i ng pr ogr am t o t he s t udent  i s  t o have bot h t es t s  addr ess  s i mi l ar
t opi cs  f r om t he domai n at  s i mi l ar  degr ees  of  di fficul t y.

To t hat  end,  a pr ogr am was  wr i t t en t o gener at e 10 exampl e ques t i ons  us i ng a pr esc r i bed
f or mat  as  f ol l ows .  Si nce each ques t i on f r om t he C++ Tut or  can be c l ass i fied i nt o one of  t hr ee
cat egor i es ,  t he 10 ques t i ons  wer e di v i ded equal l y  among t he cat egor i es :  t hr ee ques t i ons  wer e
cor r ec t l y  l abel ed as  compi l at i on er r or s ,  f our  wer e exampl es  of  ambi guous  pr ogr ams,  and
t hr ee wer e ques t i ons  wi t h no er r or s .  Thi s  pr ocess  was  used t o gener at e t wo set s  of  10 ques-
t i ons ,  bot h of  whi ch cover ed t he same subset  of  t he cor r ec t  r ul e base.  Thi s  ensur ed t hat  t he
t wo set s  of  ques t i ons  cover ed t he same concept s  at  t he same l evel  of  di fficul t y,  t hough no
t wo ques t i ons  wer e i dent i cal .  These t wo set s  of  ques t i ons  r epr esent ed t he pr e- t es t  and pos t -
t es t  t o be gi ven t o each s t udent .  One set  of  ques t i ons  was  used as  t he pr e- t es t  f or  al l  t he s t u-
dent s ,  t he ot her  as  t he pos t - t es t ,  t hus  t he same pr e- t es t  and pos t - t es t  was  gi ven t o ever y  s t u-
dent .  To di scour age cheat i ng,  t he or der  i n whi ch t he 10 ques t i ons  wer e pr esent ed was
r andomi zed.  Thi s  meant  ever y  s t udent  answer ed t he same t wo set s  of  ques t i ons ,  and t he onl y
di ff er ence was  t he f eedback  gi ven bet ween t he pr e- t es t  and pos t - t es t .

St udent s  wer e r andoml y  ass i gned t o f our  gr oups  of  25,  each of  whi ch r ecei ved a di ff er ent
k i nd of  f eedback  f r om t he C++ Tut or .  One gr oup of  25 r ecei ved no f eedback ,  ac t i ng as  t he
cont r ol  gr oup.  Thi s  gr oup was  l abel ed t he “ No Feedback”  gr oup.  The ot her  t hr ee gr oups
wer e gi ven f eedback  us i ng expl anat i ons  and exampl es  as  descr i bed i n Sec t i on3. 2. 3.  To
ensur e t hat  t he onl y  di ff er ence bet ween f eedback  gr oups  was  t he t ype of  f eedback  r ecei ved,
each gr oup was  gi ven t he same amount  of  f eedback ;  spec i fical l y,  f our  exampl es  and f our
expl anat i ons  f or  each s t udent .

One f eedback  gr oup r ecei ved a f or m of  aut omat ed r et eachi ng.  Spec i f y i ng pr ec i sel y  what
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t ut or i ng col l ege- l evel  f r eshmen t ak i ng an i nt r oduc t or y  C++ cour se at  t he Uni ver s i t y  of  Texas
at  Aus t i n.  I n addi t i on t o t hi s  ev i dence,  exper i ment s  ar e pr esent ed f r om an ar t i fic i al  domai n i n
whi ch s t udent  r esponses  wer e s i mul at ed.  The advant age of  t hi s  s i mul at i on domai n i s  t hat  i t
can be used t o anal yze t he r esul t s  of  t he C++ Tut or  t es t .

5.1 C++ Tutor Tests

The C++ Tut or  was  devel oped i n conj unc t i on wi t h an i nt r oduc t or y  C++ cour se at  t he Uni ver -
s i t y  of  Texas  at  Aus t i n.  The t ut or i al  cover ed t wo concept s  hi s t or i cal l y  di fficul t  f or  begi nni ng
C++ s t udent s :  ambi gui t y  i nvol v i ng s t at ement s  wi t h l azy  oper at or s  and t he pr oper  dec l ar at i on
and use of  cons t ant s .  These t wo concept s  pl us  exampl es  of  cor r ec t  pr ogr ams f or med t hr ee
cat egor i es  i nt o whi ch exampl e pr ogr ams coul d be c l ass i fied.  A set  of  27 domai n r ul es  was
devel oped t o c l ass i f y  pr obl ems,  us i ng a set  of  14 domai n f eat ur es ,  as  bei ng ei t herambi gu-
ous,  acompi l e er ror ( f or  i ncor r ec t l y  dec l ar ed or  used cons t ant s )  orcor rec t.  The l at t er  cat e-
gor y  was  t he def aul t  cat egor y  assumed f or  any  exampl e whi ch coul d not  be pr oved as
ambi guous  or  a compi l e er r or.  Fi gur e18 shows an exampl e ques t i on f r om t he C++ Tut or  ( f or
t he compl et e l i s t i ng of  t he C++ Tut or  r ul e base see Appendi x  A) .

St udent s  who used t he t ut or i al  di d so on a vol unt ar y  bas i s  and r ecei ved ex t r a c r edi t  f or
t hei r  par t i c i pat i on.  As  an added i ncent i ve,  t he mat er i al  i n t he t ut or i al  cover ed subj ec t s  whi ch
woul d be pr esent  on t he cour se final  exam.  Thi s  es t abl i shed a hi gh l evel  of  mot i vat i on among
t he s t udent s  who par t i c i pat ed i n t he t es t .  Due t o t he l arge number  of  s t udent s  i nvol ved,  t he
t ut or i al  was  made avai l abl e over  a per i od of  f our  days  and s t udent s  wer e encour aged t o
r eser ve t i me s l ot s  t o use t he pr ogr am.  I n t ot al ,  100 s t udent s  par t i c i pat ed i n t he s t udy.

Thr ee maj or  ques t i ons  wer e t he f ocus  of  t he C++ Tut or  t es t .  Fi r s t ,  i t  was  i mpor t ant  t o
es t abl i sh whet her  or  notASSERT coul d be an eff ec t i ve model er  f or  s t udent s  i n a r eal i s t i c  set -
t i ng.  Thi s  was  measur ed by  t es t i ng t he model  pr oduced f or  a s t udent  on a set  of  exampl es
t aken f r om t he s t udent  whi ch had not  been gi ven t oASSERT.  The pr edi c t i ve accur acy  of  t he
model  on such novel  exampl es  was  expec t ed t o be hi gher  t han s i mpl y  us i ng t he cor r ec t  r ul e
base wi t h no modi ficat i ons .  Second,  even wi t h a per f ec t  model  one may  not  see any  i nc r ease
i n s t udent  per f or mance.  Though a model  may  be accur at e i n pr edi c t i ngwhen a s t udent  wi l l
r each a f aul t y  conc l us i on,  i t  may  not  be abl e t o pr edi c thow t hat  conc l us i on was  r eached.  The
onl y  way  t o det er mi ne t he ut i l i t y  of  a model  i s  t o pr ov i de t he s t udent  wi t h f eedback  based on
t hat  model  and measur e any  change i n t he s t udent ’s  per f or mance.  Our  hypot hes i s  was  t hat
r emedi at i on gener at ed us i ng model s  bui l t  byASSERT woul d r esul t  i n i nc r eased s t udent  per -

void main()
{
  const int j = 3, *h;
  int i, k;
  h = &j;
  cin >> k >> i;

  cout << (k % j);  cout << (i %= j);
}

Is the above
(B) ambiguous (i.e., different outputs from different compilers) or
(C) neither A nor B ?

(A) a compile error,

Fi gur e18:  Exampl e C++ pr obl em
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5 Experimental Results

I t  can be argued t hat  t he ul t i mat e t es t  of  any  t ut or i ng sys t em des i gn i s  whet her  or  not  i t
r esul t s  i n enhanced s t udent  per f or mance.  Thi s  i s  espec i al l y  t r ue f or  s t udent  model i ng;  i f  t he
use of  a model  cannot  s i gni ficant l y  i mpac t  t he educat i onal  exper i ence t hen t her e i s  l i t t l e r ea-
son t o cons t r uc t  one.  Fur t her mor e,  t hi s  ev i dence mus t  come f r om exper i ment s  i nvol v i ng
l arge number s  of  s t udent s  i n a r eal i s t i c  set t i ng so t hat  t he s i gni ficance of  t he dat a can be
det er mi ned.

I n t hi s  sec t i on,  ev i dence i s  pr esent ed i n suppor t  of  t he c l ai m t hat  t heASSERT des i gn can
be used t o cons t r uc t  t ut or i al s  whi chs i gni ficant l y i mpac t  s t udent  per f or mance.  The bul k  of
t hi s  ev i dence comes f r om a t es t  us i ng 100 s t udent s  who i nt er ac t ed wi t h a C++ Tut or  bui l t  f or

> (pre-model-student *student-examples* *correct-theory*)

Trying to beat accuracy = 80.00
bug 10, Accuracy: 85.00, Stereotypicality:  -38
bug 11, Accuracy: 85.00, Stereotypicality:  -38
bug 12, Accuracy: 85.00, Stereotypicality:  -38

bug 29, Accuracy: 85.00, Stereotypicality:  -72
bug 34, Accuracy: 85.00, Stereotypicality:  -128

Picked bug 20. Bug is:
  type:  add antecedent to rule
  rule:  compile-error <- constant-assigned
  antes: (integer-set no)

Trying to beat accuracy = 85.00
bug 5, Accuracy: 90.00, Stereotypicality:  -32
bug 11, Accuracy: 90.00, Stereotypicality:  -38
bug 12, Accuracy: 90.00, Stereotypicality:  -38
bug 29, Accuracy: 90.00, Stereotypicality:  -72

Picked bug 5. Bug is:
  type:  delete antecedent from rule

  antes: (pointer constant)

Trying to beat accuracy = 90.00
bug 29, Accuracy: 95.00, Stereotypicality:  -72

Picked bug 29. Bug is:
  type:  delete rule
  rule:  operator-b-sets <- (operator-b auto-incr)
  antes: nil

Trying to beat accuracy = 95.00

bug 20, Accuracy: 85.00, Stereotypicality:  -38

done

-----------------------------iteration 1--------------------------------

-----------------------------iteration 2--------------------------------

-----------------------------iteration 4--------------------------------

-----------------------------iteration 3--------------------------------

  rule:  constant-assigned <- (pointer constant) pointer-init pointer-set

Fi gur e17:  Tr ace of  bug sel ec t i on f r om t he bug l i br ar y .
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br eaker ) .  When no bugs  can be f ound t hat  i nc r ease t he accur acy  of  t he r ul e base,  t he r out i ne
qui t s  r et ur ni ng t he mos t  cur r ent  ver s i on of  t he r ul es .

As an exampl e of  bug l i br ar y sel ect i on,  r ef er  t o a t r ace of  t he execut i on of  t he “ pr e- model - st u-
dent ”  r out i ne shown i n Fi gur e17. Thi s f unct i on i s t he i mpl ement at i on of  t heModifyRules
pseudocode used by t he C++ Tut or ment i oned i n Sect i on3. 1.  The t r ace shown i s t aken f r om a st u-
dent  who i nt er act ed wi t h t he syst em as par t  of  a l arger  t est  ofASSERT ( descr i bed i n det ai l  bel ow i n
Section5) .  The bug l i br ar y used i n t hi s t r ace consi st ed of  34 bugs t aken f r om t he model s of  45 st u-
dent s who used t he C++ Tut or.  However,  onl y a por t i on of  t he bug l i br ar y i s act ual l y shown i n t he
t r ace,  cor r espondi ng t o t hose bugs whi ch wer e appl i cabl e t o t he mi st akes made by t hi s par t i cul ar
st udent .  For  a compl et e l i s t i ng of  t he bug l i br ar y,  as wel l  as an ent i r e t r ace of  t hi s st udent ’s i nt er ac-
tion with the system, see (Baffes, 1994).

Per haps  t he mos t  i mpor t ant  f eat ur e ofASSERT’s  bug l i br ar y  al gor i t hm l i es  i n i t s  abi l i t y  t o
model  bot h common and uni que mi sconcept i ons .  As  wi t h ot her  bug- l i br ar y  based model i ng
met hods ,  t he abi l i t y  t o use a cache of  expec t ed er r or s  gi ves  t he model er  an edge,  espec i al l y
i n domai ns  wher e a l arge amount  of  dat a woul d ot her wi se be r equi r ed f or  an accur at e di ag-
nos i s .  But  because t he bug l i br ar y  her e i s  used as  a pr ecur sor  t o t heor y  r efinement ,ASSERT i s
not  r es t r i c t ed t o us i ng onl y  t hose bugs  pr esent  i n t he l i br ar y.  Any  spec i fic  s t udent  pr obl em
not  i n t he bug l i br ar y  can s t i l l  be capt ur ed by  t he t heor y  r efinement  component  of  t he al go-
r i t hm.  Thus  t he final  t heor y  of  Fi gur e17 has  par t i al l y  account ed f or  t he s t udent ’s  er r or s  and
t he r es t  get s  done byNEI THER.

Thi s  compl et es  t he descr i pt i on ofASSERT.  As  has  been shown,ASSERT can model  bot h
expec t ed s t udent  er r or s  as  wel l  as  mi s t akes  uni que t o an i ndi v i dual .  Fur t her mor e,  by  us i ng a
f ul l y  aut omat ed scheme f or  bug l i br ar y  cons t r uc t i on,  and by  i nt egr at i ng t he bug l i br ar y  wi t h
i t s  aut omat i c  model i ng al gor i t hm,ASSERT can cont i nue t o i mpr ove i t s  model i ng accur acy
over  t i me.

function ModifyRules (CR:correct rule base,
E:labeled student examples,
L:bug library): modif ied rule base;

begin
R = CR;
repeat as long as R is updated do begin

A = ˘ ;
for b ˛  L do begin

if Accuracy(R+b, E) > Accuracy(R, E) then add b to A;
end;
if A „ ˘  then begin

best = x ˛  A with best accuracy value;
A¢ = best;
for x ˛  A do begin

if Paired-t-Test(best, x) not signif icant then add x to
A¢;

end;
end;
if A „ ˘  then update R with x ˛  A ¢ with highest

stereotypicality;
end;

Fi gur e16:  Pseudocode f or  bug l i br ar y  use.
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t he l i br ar y  t o be added t o t he r ul e base us i ng a hi l l - c l i mbi ng sear ch.  Bugs  whi ch i mpr ove
upon t he pr edi c t i ve accur acy  of  t he r ul e base ar e added i nc r ement al l y.  The r esul t  i s  a modi -
fied r ul e base whi ch r esembl es  t he s t udent ’s  behav i or  mor e c l osel y  t han t he cor r ec t  r ul es  but
whi ch may  s t i l l  be i ncompl et e.  The bugs  whi ch wer e sel ec t ed ar e r et ur ned al ong wi t h t he
modi fied r ul e base s i nce t hey  mus t  be i nc l uded wi t h t he final  model  of  t he s t udent .  Once t he
modi fied r ul e base i n cons t r uc t ed,  i t  i s  passed t o t heor y  r efinement  al ong wi t h t he l abel ed
exampl es  t o det er mi ne any  addi t i onal  r efinement s  necessar y  f or  r epr oduc i ng t he behav i or  of
t he s t udent .  Al l  r ul e changes ,  whet her  sel ec t ed f r om t he l i br ar y  or  cons t r uc t ed by  t heor y
r efinement ,  ar e r et ur ned as  t he final  s t udent  model .

The pseudocode f or  cons t r uc t i ng t he modi fied r ul e base i s  shown i n Fi gur e16. Modi-
fyRules st ar t s wi t h t he cor r ect  r ul e base,  and l oops as l ong as a bug can be f ound whi ch wi l l
i ncr ease t he accur acy of  t he r ul e base on t he set  of  l abel ed exampl es.  The fir st  st ep of  each l oop i s
t o find t he accur acy of  t he r ul e base when t he bug i n quest i on i s added t o t he set  of  r ul es.  Al l  t hose
bugs whi ch r esul t  i n i mpr oved accur acy ar e saved.  Next ,  t he bug whi ch i ncr eases accur acy t he
most  i s f ound,  and an i nner  l oop i s ent er ed t o par e down t he l i s t  t o onl y t hose bugs whose i mpr ove-
ment  i n accur acy i s “ st at i st i cal l y equi val ent ”4 t o t he best  bug,  usi ng a pai r ed St udent  t - t est .5

Fi nal l y,  i f  t her e ar e s t i l l  mul t i pl e bugs  l ef t ,  t hen t he one wi t h t he gr eat es t  s t er eot ypi cal i t y
val ue i s  pi cked t o be added t o t he cur r ent  r ul e base ( r andom sel ec t i on i s  used as  a final  t i e

4.  mor e pr ec i sel y,  whose i mpr ovement  i n accur acy  i s  l ess ,  but  not  s t at i s t i cal l y  s i gni ficant l y  l ess .
5.  Si nce t he accur acy  val ues  f or  al l  t he bugs  ar e comput ed us i ng t he same set  of  l abel ed exampl es  f r om t he s t u-

dent ,  one can use a pai r ed St udent  t - t es t  t o es t i mat e i f  t he di ff er ence i n accur acy  bet ween any  t wo bugs  i s  s t a-
t i s t i cal l y  s i gni ficant  ( us i ng t he s t andar d 0. 05 l evel  of  confidence t o i ndi cat e s i gni ficance) .
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Fi gur e15:  Over v i ew of  ex t endedASSERT al gor i t hm.  The ar ea wi t hi n t he dashed
l i ne i s  t he t heor y  r ef i nement  component .
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mi s t akes  made by  a s t udent .  The di sadvant age of  such an appr oach i s  t hat  i t  woul d des t r oy
t he modul ar i t y  ofASSERT’s  des i gn.  Theor y  r efinement  woul d no l onger  be an i nt er change-
abl e component  whi ch coul d be swapped out  f or  di ff er ent  r efinement  al gor i t hms.  A s i mpl er
appr oach,  and t he one used i nASSERT,  i s  t o modi f y  one of  t he i nput s  gi ven t oNEI THER,  l eav -
i ng t he r efinement  al gor i t hm i nt ac t .  Spec i fical l y,  t he cor r ec t  r ul e base i s  modi fied bef or e t he
r efinement  pr ocess  begi ns  by  i ncor por at i ng el ement s  of  t he bug l i br ar y  whi ch ar e r el evant  t o
t he cur r ent  s t udent .

Fi gur e15 shows a schemat i c  f or  how t hi s  i s  accompl i shed.  The bug l i br ar y,  t he cor r ec t
r ul e base,  and t he s t udent ’s  l abel ed exampl es  ar e i nput  t o a pr ocess  whi ch sel ec t s  bugs  f r om

B1 = delete{b,c,d}
B2 = delete{c,d,f}

B3 = delete{b} add{g,h}
B4 = delete{b,c,e,f}

S = -2
S = 2
S = 4

S =  2

delete{c,d}
S = 2

delete{b}
S = 2

delete{b,c}
S = 4

B1 B2 B3 B4

B1 • • •
S = 4

Þ
B1

S = 4

delete{c,d}
S = 2

˘ delete{c,f}
S = 2

B1 B2 B3 B4
B2 • • •

S = 2
Þ

B2

S = 2

delete{b}
S = 2

˘ delete{b}
S = 2

B1 B2 B3 B4
B3 • • •

S = -2

delete{b}
S = 2

˘ delete{b}
S = 2

B1 B2 B3 B4

• • • Þ
delete{b}

S = 2
delete{b}

S = 2

delete{b,c}
S = 4

delete{b}
S = 2

B1 B2 B3 B4
B4 • • •

S = 2

delete{b,c}
S = 4

delete{c} delete{b}
S = 2

B1 B2 B3 B4

• • • Þ
delete{b,c}

S = 4
delete{b,c}

S = 4

delete{c,f}
S = 2

S = 2

Fi gur e14:  Bug l i br ar y  cons t r uc t i on exampl e.  “ S”  s t ands  f or  s t er eot ypi cal i t y .
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Fi gur e14 shows a compl et e exampl e f or  cons t r uc t i ng a bug l i br ar y,  us i ng t he bugs  f r om
Fi gur e11 pl us  one ex t r a bug t o hi ghl i ght  t he hi l l - c l i mbi ng nat ur e of  t he al gor i t hm.  Bel ow t he
f our  bugs  ar e a ser i es  of  boxes ,  each r epr esent i ng one i t er at i on of  t he out er  l oop.  Thus  t he
fir s t  box  i s  t he i t er at i on whi ch comput es  t he bug t o be added t o t he l i br ar y  s t ar t i ng wi t hB1 as
a seed,  t he second s t ar t s  wi t hB2 as  t he seed,  et  cet er a.  Af t er  sav i ng t he s t er eot ypi cal i t y  ofB1
t he i nner  l oop i s  ent er ed and an LGG i s  f or med bet weenB1 and t he ot her  t hr ee bugs .  Once
t he LGG’s  ar e comput ed,  t he bes t  i s  f ound,  i n t hi s  case LGG(B1, B4) ,  whi ch has  a s t er eot ypi -
cal i t y  of  4.  Thi s  i s  compar ed wi t h t he cur r ent  bes t  s t er eot ypi cal i t y,  and s i nce t her e i s  no
i mpr ovement  t he i nner  l oop hal t s  and addsB1 t o t he bug l i br ar y.  The second box ,  f or  bugB2,
al so y i el ds  no i mpr ovement  f r om gener al i zat i on,  r esul t i ng i nB2 bei ng added unchanged t o
t he bug l i br ar y.

The nex t  t wo boxes  r epr esent i ng t he i t er at i ons  of  t he out er  l oop f orB3 andB4 ar e mor e
i nt er es t i ng.  ForB3,  t he bes t  LGG r esul t s  f r om combi ni ngB3 andB1.  The r esul t i ng gener al i -
zat i on i sdel et e{ b} whose s t er eot ypi cal i t y  val ue of  2 i s  an i mpr ovement  of  4 poi nt s  over  t he
val ue f orB3 al one.  Consequent l y,  t he i nner  l oop r epeat s .  A second r ound of  LGG’s  pr oduces
no f ur t her  i mpr ovement ,  r esul t i ng i n t he addi t i on of  t he gener al i zat i ondel et e{ b} t o t he bug
l i br ar y.  For  bugB4 t he pr ocess  i s  s i mi l ar.  A fi r s t  r ound of  LGG’s  pr oduces  an i mpr ovement
whi ch cannot  be sur passed by  a second i t er at i on of  t he i nner  l oop.  Not e t hat  LGG(B4, B1) ,
whi ch was  comput ed and r ej ec t ed i n t he t op box  wher eB1 was  t he seed,  t ur ns  out  t o be a use-
f ul  i mpr ovement  overB4 al one.  The final  bug l i br ar y  cons i s t s  of  t he f ol l owi ng f our  bugs
sor t ed i n t he f ol l owi ng or der :B1, del et e{ b, c }, B2,  anddel et e{ c }.

4.2 Using the Bug Library for Modeling

Once t he l i br ar y  i s  bui l t ,  t he ques t i on becomes how t o use i t s  i nf or mat i on t o enhance t he
model i ng pr ocess .  Per haps  t he mos t  obv i ous  way  t o i ncor por at e t he bugs  i n t he l i br ar y  i s  t o
al t er  t he t heor y - r efinement  al gor i t hm t o use t he bugs  as  a means  f or  sel ec t i ng r epai r s  t o fix

function BuildBugLibrary (M:list of student models): bug
library;
begin

R = ˘ ;
for m ˛  M do add ref inements of m to R avoiding duplicates;
for r ˛ R do begin

Best = r;
S = Stereotypicality(Best);
repeat while S continues to increase begin

Temp = ˘ ;
for r ˛  R do add Intersection(Best,r) to Temp;
G = member of Temp with highest stereotypicality;
if Stereotypicality(G) > S then begin

Best = G;
S = Stereotypicality(G);

end;
end;
add Best to bug library;

end;
return bug library sorted by greatest stereotypicality;

Fi gur e13:  Pseudocode f or  bug l i br ar y  cons t r uc t i on
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bug decr eases  t hedi s t ances bet ween t he model s  and t he cor r ec t  r ul e base.  The di s t ance
bet weenCR and t he s t udent  model s  i s  shown f ol l owed by  t he di s t ances  t o t he model s  when
each of  t he t hr ee bugs  i s  added t oCR.  Cal cul at i ng t he di s t ance bet ween t wo r ul e set s
amount s  t o count i ng t he number  of  l i t er al  changes  r equi r ed t o conver t  one t o t he ot her.  Thus ,
changi ngCR+B1 i nt oM2 r equi r es  changi ng t he r ul ea ‹  e fi nt o t he r ul ea ‹  b e whi ch i s
done by  del et i ngf and addi ngb.  The bot t om of  t he figur e has  t he s t er eot ypi cal i t y  val ues  f or
each of  t he bugs .3

Fi gur e12 i l l us t r at es  howASSERT f or ms gener al i zat i ons  among t he bugs  f r om Fi gur e11.
Si nce any  r efinement  t o a pr opos i t i onal  t heor y  can be expr essed as  a l ogi c  c l ause,  one can
comput e gener al i zat i ons  us i ng t hel eas t  gener al  gener al i zat i on ( LGG)  oper at or  ( Pl ot k i n,
1970) .  For  pr opos i t i onal  l ogi c  l i t er al s ,  t he LGG of  t wo r efinement s  i s  s i mpl y  t hei r  i nt er sec -
t i on.The LGG wi l l  of t en f or m a gener al i zat i on t hat  has bet t er  st er eot ypi cal i t y t han a r efinement
f r om whi ch i t  was t aken.  For  i nst ance,  LGG(B1, B2)  beat s t he val ue f orB2 whi ch i s 1.  Li kewi se,
LGG(B1, B3)  i s bet t er  t hanB3 al one.  Thi s wi l l  be t he r esul t  whenever  t he LGG oper at i on capt ur es
mor e of  what  i s common among t he model s,  and avoi ds mor e of  what  i s uncommon.  However,
not e t hat  t he LGG i s not  benefici al  i n al l  cases;  t he same t wo LGG’s ment i oned above ar e bot h
wor se t han t heB1 r efinement  al one,  even t hough bot h useB1 as an i nput .  Si ncet he r esul t  of  f or m-
i ng t he LGG of  t wo r efinement s  i s  al so a r efinement ,t he pr ocess can be cont i nued,  f or mi ng
LGG’s from LGG’s which can also result in better or worse refinements.

Fi gur e13 shows  t he pseudocode f or  cons t r uc t i ng a bug l i br ar y.  The f undament al  i dea i s t o
per f or m a hi l l - c l i mbi ng sear ch usi ng successi ve LGG oper at i ons.  St ar t i ng wi t h each r efinement  as
a seed,  mul t i pl e cal l s ar e made t o t he LGG oper at or  t o combi ne t he seed wi t h al l  t he ot her  r efine-
ment s f r om t he model s.  As l ong as t hi s cont i nues t o r esul t  i n a bet t er  gener al i zat i on,  successi ve
passes ar e made over  al l  t he r efinement s.  The pr ocess hal t s when no gener al i zat i on can be f ound
whi ch wi l l  i mpr ove upon t he seed,  whi ch must  event ual l y happen si nce cont i nued i nt er sect i ons
bet ween r efinement s wi l l  event ual l y pr oduce no change or  t he nul l  set .  The best  gener al i zat i on
f ound st ar t i ng wi t h each r efinement  as t he i ni t i al  seed i s kept  and i nser t ed i nt o t he bug l i br ar y.  Any
duplications in the library are eliminated and the results sorted by stereotypicality.

3. Not e t hat  a bug may  have a negat i ve s t er eot ypi cal i t y. Unl ess a bug i s pr esent  i n mor e t han
hal f  of  t he st udent  model s,  i t  wi l l  have a negat i ve st er eot ypi cal i t y s i nce t her e wi l l  be no over l ap
bet ween t he bug and t he maj or i t y of  t he model s.  What  i s i mpor t ant  i s t he r el at i ve di fference
between stereotypicality values.

B1

delete{b,c,d}
B2

delete{c,d,f}

B3

delete{b} add{g,h}

LGG(B1, B2)

B1 ˙  B2 = delete{c,d}

stereotypicality = 2

LGG(B1, B3)

B1 ˙  B3 = delete{b}

stereotypicality = 1

LGG(B2, B3)

B2 ˙  B3 = ˘

Fi gur e12:  Bug gener al i zat i on us i ng t he LGG oper at or .
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el s ,  cal l ed t hes t ereot ypi cal i t y of  t he r ul e change.  Thi r d,  i n t he pr ocess  of  r ank i ng each r ul e
change,ASSERT t es t s  gener al i zat i ons  of  t he change t o see i f  t hey  r esul t  i n bet t er  s t er eot ypi -
cal i t y.  I f  a gener al i zat i on i s  f ound whi ch has  super i or  s t er eot ypi cal i t y,  t hen t he r ul e change i s
r epl aced by  t he gener al i zat i on.  The final  bug l i br ar y  cont ai ns  t he bes t  gener al i zat i on f or  each
r ul e change wi t h any  dupl i cat es  r emoved.

Fi gur es  11 t hr ough 14 i l l us t r at e how a bug l i br ar y  i s  cons t r uc t ed f or  a cont r i ved exampl e
gener at ed f or  i l l us t r at i on pur poses .  Fi gur e11 shows how s t er eot ypi cal i t y  i s  comput ed ( f or
det ai l s  on how s t er eot ypi cal i t y  can be comput ed i n l i near  t i me see Baff es ,  1994) .  Thr ee mod-
el s  ar e shown at  t he t op of  t he di agr am,  each of  whi ch changes  onl y  one r ul e of  t he cor r ec t
r ul e base.  Al l  t he model s  al t er  t he same r ul e,  but  i n di ff er ent  ways .  So,  f or  exampl e,  t he fi r s t
model  changes  t he r ul ea ‹  b c  d e f by  del et i ng t he set  of  ant ecedent s{ b, c , d}.  The r efine-
ment  f or  modelM1,  l abel edB1,  i s  t husdel et e{ b, c , d}.  Bel ow t he model s  ar e t he cal cul at i ons
f or  det er mi ni ng t he s t er eot ypi cal i t y  of  each of  t he t hr ee bugs  by  comput i ng how much each

Correct Rules (CR) Model M1 Model M2 Model M3

a ‹  b c d e f

•
•
•

•
•
•

a ‹  e f

•
•
•

•
•
•

a ‹  b e

•
•
•

•
•
•

a ‹  c d e f g h

•
•
•

•
•
•

distance(CR, M1) = delete{b,c,d} = 3
distance(CR, M2) = delete{c,d,f} = 3
distance(CR, M3) = delete{b} add{g,h} = 3

total = 9

distance(CR+B1, M1) = 0
distance(CR+B1, M2) = delete{f} add{b} = 2
distance(CR+B1, M3) = add{c,d,g,h} = 4

total = 6

Stereotypicality(B1) = 9 - 6 = 3

distance(CR+B2, M1) = delete{b} add{f} = 2
distance(CR+B2, M2) = 0
distance(CR+B2, M3) = delete{b} add{c,d,f,g,h} = 6

total = 8

Stereotypicality(B3) = 9 - 10 = -1

ü
ý
þ

ü
ý
þ

ü
ý
þ

Distance from Correct Rules to Models:

Distance from Correct Rules with bug from M1 to Models:

Distance from Correct Rules with bug from M2 to Models:

distance(CR+B3, M1) = delete{c,d,g,h} = 4
distance(CR+B3, M2) = delete{c,d,f,g,h} add{b} = 6
distance(CR+B3, M3) = 0

total = 10
ü
ý
þ

Distance from Correct Rules with bug from M3 to Models:

Stereotypicality(B2) = 9 - 8 = 1

B1 = bug from M1 = delete{b,c,d}
B2 = bug from M2 = delete{c,d,f}
B3 = bug from M3 = delete{b} add{g,h}

Fi gur e11:  St er eot ypi cal i t y  comput at i on.
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conc l us i on.
Fi nal l y,  Fi gur e10 combi nes  t he component s  f r om Fi gur es  6,  7and 8,  showi ng how t he

di al og flows bet ween t he s t udent  and t he sys t em.  Pr obl ems gi ven t o t he s t udent  ar e t r ans l at ed
i nt o l abel ed exampl es ,  whi ch ar e passed t oNEI THER. NEI THER uses  t hese t o r efine a r ul e base
r epr esent i ng cor r ec t  knowl edge of  t he domai n t o pr oduce a modi fied r ul e base t hat  s i mul at es
t he s t udent .  The r efinement s  ar e t hen used t o gener at e expl anat i ons  and exampl es  f or  r emedi -
at i on whi ch get s  passed back  t o t he s t udent .

4 Extending ASSERT’s Modeler

The pr ev i ous  t hr ee sec t i ons  have descr i bed t he cor e of  t heASSERT al gor i t hm,  showi ng how
t he flow of  i nf or mat i on bet ween s t udent  and sys t em can be i mpl ement ed as  a sear ch f or
r efinement s  t hat  hi ghl i ght  t he di ff er ences  bet ween how t he sys t em and t he s t udent  eval uat e
t he same set  of  pr obl ems.  As  such t hi s  expl ai ns  howASSERT cons t r uc t s  s t udent  model s  by
t r ac i ng t he s t udent ’s  behav i or  agai ns t  a known s t andar d r ul e base.  Not hi ng,  t hough,  has  been
sai d about  how mul t i pl e s t udent  model s  ar e mi ned t o cons t r uc t  a bug l i br ar y  nor  how such a
l i br ar y  i s  i ncor por at ed back  i nt o t he model i ng pr ocess .

4.1 Building a Bug Library

ASSERT uses  t he r ul e changes  r esul t i ng f r om t heor y  r efinement  f or  each s t udent  as  t he bas i s
f or  cons t r uc t i ng i t s  bug l i br ar y.  Thi s  gi vesASSERT t wo advant ages .  Fi r s t ,  t he r ul e changes
ar e c l osel y  r el at ed t o t he t ype of  i nput  gener at ed by  t he aut hor  of  t he t ut or i ng sys t em.  Si nce a
r ul e base mus t  be suppl i ed as  i nput ,  expr ess i ng t he bug l i br ar y  i n t er ms  of  changes  t o t hat
r ul e base i s  an eff ec t i ve way  t o communi cat e buggy  i nf or mat i on back  t o t he aut hor.  Second,
t he r ul e- change f or mat  i s  pr ec i sel y  whatNEI THER uses  t o s i mul at e t he behav i or  of  t he s t u-
dent .  A bug l i br ar y  bui l t  of  r ul e changes  i s  t hus  al r eady  i n a f or m whi ch can be i ncor por at ed
di r ec t l y  i nt o t he model i ng pr ocess .

ASSERT cons t r uc t s  a bug l i br ar y  i n t hr ee s t ages .  Fi r s t ,  i t  col l ec t s  copi es  of  al l  t he r ul e
changes  f r om al l  t he s t udent  model s  t oget her,  el i mi nat i ng any  dupl i cat es .  Second,  i t  r anks
each r ul e change by  a measur e of  how f r equent l y  i t  occur s  among t he var i ous  s t udent  mod-

Labeled

Theory

Correct

Rule Changes

Student

Refinement-Based

Explanation
& Examples Examples

Refinement

Rule Base

Remediation

Fi gur e10:  Bas i c  des i gn of  t heASSERT al gor i t hm.
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ASSERT can t hus  gener at e an exampl e whi ch i s  cor r ec t  i n ever y  wayexceptf or  t he added or
mi ss i ng condi t i ons  i n t he r efinement .  The r esul t  i s  t hen pr esent ed as  a count er  exampl e t o t he
s t udent ,  and t he var i ous  added or  mi ss i ng condi t i ons  hi ghl i ght ed.  Not e t hat  t hi s  cor r esponds
ver y  c l osel y  t o t ut or i al  met hods  out l i ned f or  concept ual  domai ns  ( Tennyson,  1971) .

Fi gur e9 shows an expl anat i on and exampl e pai r,  cor r espondi ng t o one of  t he r efinement s
depi c t ed pr ev i ous l y  i n Fi gur e3.  Recal l  t hat  t he l as t  r ul e of  Fi gur e3 was  al t er ed by  r emov i ng
one of  i t s  ant ecedent s .  Fi gur e9 i s  t he f eedback  gener at ed f or  t hi s  mi ss i ng ant ecedent ,  i l l us -
t r at i ng how t he condi t i on r epr esent ed by  t he ant ecedent  i s  essent i al  t o dr awi ng a cor r ec t  con-
c l us i on.  The t op hal f  of  Fi gur e9 shows t he t ex t  whi ch expl ai ns  how t he r ul e fi t s  i n t o t he
over al l  r ul e base.  As  par t  of  t he expl anat i on,  t he t hr ee condi t i ons  of  t he r ul e,  r epr esent ed by
i t s  t hr ee cor r ec t  ant ecedent s ,  ar e i t emi zed at  t he end of  t he expl anat i on.  Then,  an exampl e i s
gener at ed whi ch hi ghl i ght s  how t he “ ( poi nt er  cons t ant ) ”  condi t i on bear s  on t he cor r ec t
answer  t o t he exampl e,  showi ng how t he t r ut h or  f al s i t y  of  t he condi t i on l eads  t o a par t i cul ar

EXPLANATION

One way to detect a compilation error is to look for an identifier which is
declared constant and initialized, then later assigned a new value.

A constant identifier is erroneously assigned when it is declared as a constant
pointer to an integer, initialized to the address of some integer, and later
set to the address of another integer. It does not matter if the identifier
is a pointer declared to point to an constant integer or a non-constant integer;
once a constant pointer is initialized it cannot be reset to the address of

Specifically, note the following which contribute to this type
of error:
* There must be a pointer declared to be constant (but not necessarily

pointing to a constant object).
* A pointer declared to be constant must be initialized.
* A pointer declared a constant and initialized must be set after its

initialization.

Here is an example to illustrate these points:

Example
-----------
Here is an example which might appear to be a compile error
but is actually CORRECT:

void main()
{
  const int x = 5, y, w, *z = &x;
  z = &w;
  cin >> w >> y;

  cout << ((y *= x) || (y > w));  cout << (w -= x);
}

This example is NOT a compile error because:
* The pointer 'z' is declared as a NON-CONSTANT pointer to a constant

another integer.

integer, so it does not have to be initialized and it can be reset.

Fi gur e9:  Exampl e r emedi at i on gi ven t o a s t udent .
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How t he cor r ec t  r ul e base i s  cons t r uc t ed i s  c r uc i al  s i nce i t  becomes t he l anguage t hr ough
whi chASSERT i nt er pr et s  t he s t udent ’s  ac t i ons .  I f  t he cor r ec t  r ul es  ar e expr essed at  t oo hi gh
or  t oo l ow a l evel  of  det ai l ,  t he abi l i t y  of  t he sys t em t o f or m accur at e model s  wi l l  be di mi n-
i shed.  Of  cour se,  t hi s  t ype of  knowl edge r epr esent at i on pr obl em ex i s t s  f or  al l  t ut or i ng sys -
t ems.  However, ASSERT gai ns  an advant age by  pur posel y  i sol at i ng t he cor r ec t  domai n
knowl edge as  a separ at e component :  t he aut hor  can eas i l y  change t he f ocus  of  t he t ut or  by
al t er i ng t he cor r ec t  r ul e base.  Mor eover,  i f  s t udent s  possess i ng di ff er ent  l evel s  of  under -
s t andi ng wi l l  use t he t ut or,  mul t i pl e r ul e bases  can be wr i t t en t o gi ve t he sys t em mor e flex i -
bi l i t y.

3.2.3 Refinement-Based Remediation

The l as t  component  ofASSERT,  t he sys t em r esponse,  i s  out l i ned i n Fi gur e8. Us i ng t he
r efinement s  pr oduced byNEI THER, ASSERT gener at es  expl anat i ons  and exampl es  t o r ei nf or ce
t he cor r ec t  f or m of  t he r ul e or  r ul es  modi fied.  The under l y i ng appr oach,  cal l edrefinement -
based remedi at i on,  i s  based on f undament al  uni t s  of  expl anat i on cal l eduni t s  of  remedi at i on.
Rat her  t han i mpl ement i ng any  par t i cul ar  pedagogy, ASSERT suppl i es  t he mos t  el ement ar y
i nf or mat i on r equi r ed:  anexpl anat i on wi t h one or  mor eexampl es.  For  each r efinement
det ec t ed byNEI THER, ASSERT pr ov i des  t wo f unc t i ons :  t he abi l i t y  t o expl ai n a cor r ec t  use of
t he r ul e whi ch was  changed,  and t he abi l i t y  t o gener at e an exampl e whi ch uses  t he r ul e.  The
des i gner  of  a t ut or i ng sys t em us i ngASSERT has  t he opt i on t o gener at e mul t i pl e expl anat i ons
or  exampl es ,  t o det er mi ne t he c i r cumst ances  when such f eedback  i s  gi ven,  and t o dec i de
whet her  t he sys t em or  t he s t udent  cont r ol s  whi ch expl anat i ons  and exampl es  ar e gener at ed.
By  pr ov i di ng such expl anat i on- exampl e uni t s ,ASSERT suppl i es  t he r aw mat er i al s  f or  a var i -
et y  of  r emedi at i on t echni ques .

The spec i fics  of  gener at i ng expl anat i ons  and exampl es  f or  each r efinement  ar e expl ai ned
i n det ai l  i n ( Baff es ,  1994) ,  but  t he under l y i ng i dea i s  s t r ai ght f or war d.  Expl anat i ons  f ocus  on
desc r i bi ng how t he cor r ec t  f or m of  t he r ul e ( not  t he r ev i sed ver s i on)  fi t s  i nt o t he or i gi nal l y
cor r ec t  r ul e base.  Each r ul e has  an assoc i at ed pi ece of  s t or ed t ex t ,  desc r i bi ng i t s  r ol e i n t he
r ul e base.  A f ul l  expl anat i on i s  gener at ed by  chai ni ng t oget her  t he s t or ed t ex t  f or  t he r ul es
l y i ng on t he pr oof  pat h f or  t he cor r ec t  l abel  ( not  t he s t udent ’s  l abel )  f or  t he exampl e,  i . e. ,  t he
l abel  whi ch i s  pr oduced by  t he cor r ec t  r ul e base f or  t he gi ven f eat ur e vec t or.

Gener at i ng exampl es  i s  a bi t  mor e compl i cat ed s i nce t hey  ar e cons t r uc t eddynami cal l y
r at her  t han bei ng dr awn f r om s t or age.  Recal l  t hat  each r efinement  made byNEI THER r esul t s
i n t he addi t i on or  del et i on of  l i t er al s  f r om a r ul e i n t he t heor y.  Whol e r ul es  can be added or
del et ed as  wel l ,  but  t hi s  i s  t he same as  addi ng or  r emov i ng bl ocks  of  l i t er al s .  Us i ng nor mal
deduc t i ve met hods ,  t he added and r emoved l i t er al s  can be t r aced down t o t he f eat ur e vec t or.
The r esul t  i s  a set  of  condi t i ons  i n t he f eat ur e vec t or  whi ch t he s t udent  i s  i gnor i ng or  a set  of
ex t r a condi t i ons  not  pr esent  i n t he f eat ur e vec t or  whi ch t he s t udent  t hi nks  ar e necessar y.

Rule Changes Refinement-Based Explanation
& ExamplesRemediation

Pedagogical
Knowledge

Fi gur e8:  Sys t em r esponse di agr am.
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t hat  t hi s  knowl edge base can be modi fied t o r epl i cat e t he sol ut i ons  f ur ni shed by  t he s t udent .

3.2.1 The Student as a Classifier

Fi gur e6 depi c t s  howASSERT v i ews  s t udent  behav i or.  I t  i s  assumed t hat  al l  ac t i ons  t aken by
a s t udent  can be br oken down t o a set  ofc l ass i ficat i ondec i s i ons.  That  i s ,  gi ven a set  of
i nput s ,  cal l edprobl ems,  t he s t udent  wi l l  pr oduce a set  ofl abel ed exampl es whi ch c l ass i f y
each of  t he pr obl ems i nt o onecat egor y.  Each pr obl em cons i s t s  of  one or  mor ef eat ure vec -
t or s descr i bi ng some aspec t  of  t he pr obl em.  The t ask  of  t he s t udent  i s  t o pr oduce a l abel  f or
each f eat ur e vec t or,  sel ec t ed f r om among some pr edet er mi ned set  of  l egal  l abel s  gi ven t o t he
s t udent .  The r esul t i ng set  of  l abel ed exampl es  assoc i at es  each f eat ur e vec t or  wi t h t he l abel
sel ec t ed by  t he s t udent .

I n i t s  s i mpl es t  f or m,  a pr obl em cons i s t s  of  a s i ngl e f eat ur e vec t or  pr esent ed t o t he s t udent
i n a mul t i pl e- choi ce f or mat ,  wher e t he answer s  avai l abl e t o t he s t udent  ar e t aken f r om among
a l i s t  of  poss i bl e cat egor i es .  Thus ,  f or  exampl e,  t he c l ass i c  di agnos i s  pr obl em woul d pr esent
a pat i ent ’s  sympt oms ( t he f eat ur e vec t or )  and ask  t he s t udent  t o sel ec t  a di agnos i s  f r om a l i s t
of  di seases  ( t he l abel ) .  Thi s  al l owsASSERT t o be used i n concept  l ear ni ng domai ns ,  whi ch
ar e common appl i cat i ons  f or  aut omat ed t r ai ni ng sys t ems.  I t  al so means  t hat  s t udent  ac t i ons
wi l l  t r ans l at e di r ec t l y  i nt o a f or m usabl e by  t heor y  r efinement ,  whi ch r equi r es  l abel ed exam-
pl es  as  one of  i t s  i nput s .

3.2.2 Modeling by Theory Refinement

Once col l ec t ed,  t he l abel ed exampl es  gener at ed by  t he s t udent  ar e passed t o t he t heor y -
r efinement  component  ofASSERT,  depi c t ed i n Fi gur e7.  As  di scussed pr ev i ous l y,  t heor y
r efinement  wi l l  t ake an i ncomi ng knowl edge base,  pl us  an i ncomi ng set  of  exampl es ,  and
r efine t he knowl edge base unt i l  i t  i s  cons i s t ent  wi t h t he exampl es .  TheNEI THER t heor y -
r efinement  sys t em i s  used t o add or  r emove r ul es  or  par t s  of  r ul es  unt i l  t he r ul e base r epr o-
duces  t he same answer s  as  t he s t udent ,  i . e. ,  wi l l  c l ass i f y  each f eat ur e vec t or  us i ng t he same
cat egor y  l abel  as  t he s t udent .  The r esul t i ng r efined r ul e base i s  t hus  abl e t o s i mul at e t he s t u-
dent ’s  behav i or.

Labeled
Problems Student Examples

Fi gur e6:  St udent  behav i or  di agr am.

Labeled

Theory

Correct

Rule Changes

Examples

Refinement

Rule Base
Model

Fi gur e7:  The s t udent  s i mul at i on model .
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t o modi f y  t he r epai r  t o avoi d new mi sc l ass i ficat i ons .  The whol e pr ocess  i s  embedded i n a
l oop whi ch cont i nues  unt i l  al l  mi sc l ass i fied exampl es  have been account ed f or.  The r esul t  i s
t hatNEI THER r uns  ver y  qui ck l y  ( see Baff es  & Mooney,  1993) ,  gi v i ng r esponse t i mes  t hat  ar e
on t he or der  of  a f ew seconds .  Thi s  i s  c r i t i cal  t o an i nt er ac t i ve t ut or i ng env i r onment  wher e
f eedback  mus t  be gener at ed f or  t he s t udent  i n a t i mel y  f ashi on.

3.2 Overview of ASSERT

Hav i ng r ev i ewed t he bas i cs  of  t heor y  r efinement ,  we can now t ur n t o t he det ai l s  ofASSERT.
ASSERT v i ews  t ut or i ng as  a pr ocess  of  communi cat i ng knowl edge t o a s t udent ,  wher e t he
cont r i but i on of  t he model i ng subsys t em i s  t o pi npoi nt  el ement s  of  t he i nt er nal  knowl edge
base t o be communi cat ed.  At  i t s  mos t  abs t r ac t  l evel ,  such a t ut or i al  can be seen as  a di al og
bet ween t he s t udent  and t he sys t em as  shown i n Fi gur e5. ASSERT f ocuses  on t he ques t i on of
how t o cons t r uc t  a usef ul  i nt er pr et at i on of  t he s t udent ’s  ac t i ons .  Thi s  f ocus  i s  depi c t ed as  a
new component  i nser t ed i nt o t he di agr am as  shown i n t he r i ght  hal f  of  Fi gur e5.  The name of
t he new component ,  as t udent  s i mul at i on model,  i mpl i es  t hat  t he sys t em cont ai ns  a knowl -
edge base t hat  can be used t o sol ve pr obl ems i n t he same cont ex t  as  t he s t udent  mus t ,  and

computeone repair update theory withremove examples

done

yes

no

Fi gur e4: NEI THER mai n l oop.

repair using induction
if necessary

for each example;
select best repair covered by repair

Find the deepest, shortest, repair which causes the fewest new misclassifications

Select the shortest repair fixing the most examples with the fewest new misclassifications

Criterion for computing a r epair for ONE example:

Criterion for selecting best repair from AMONG examples:

misclassified
more

examples
?

Student

System
Response

Student
Simulation

Model
Þ

Behavior
Student

Behavior

System
Response

Fi gur e5:  Abs t r ac t  v i ew of  s t udent - t ut or  i nt er ac t i on.
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r ul e.  Pass i ng exampl es  2 and 4 t o an i nduc t i on al gor i t hm woul d r et ur n “ ( i nt eger- set  no) ”  as
t he condi t i on whi ch can di sc r i mi nat e bet ween t he exampl es .  The final  r ev i sed r ul e base,
whi ch cor r ec t l y  c l ass i fies  al l  f our  exampl es ,  i s  shown i n Fi gur e3.

Not i ce t hat  t he r epai r s  chosen f or  exampl es  3 and 4 i n Fi gur e3 ar e not  t he onl y  poss i bl e
r epai r s  f or  t hese exampl es .  For  i ns t ance,  exampl e 3 coul d have been c l ass i fied as  compi l e-
er r or  by  r emov i ng t he condi t i ons  “ ( i nt eger  cons t ant ) ”  and “ ( i nt eger- set  t hr ough- poi nt er ) ”
f r om r ul e R6,  or  by  r emov i ng t he condi t i ons  “ ( i nt eger  cons t ant ) ”  and “ ( i nt eger- set  yes ) ”
f r om r ul e R5.  For  t hat  mat t er,  r emov i ng al l  of  t he ant ecedent s  f r om any  one of  t he r ul es  R1
t hr ough R4 woul d al so have r epai r ed t he t heor y  f or  exampl e 3,  by  mak i ng ei t her  t he “ com-
pi l e- er r or ”  or  “ cons t ant - not - i ni t ”  concept s  pr ovabl e by  def aul t .  I n f ac t ,  comput i ng al l  poss i -
bl e r epai r s  f or  an exampl e i n t he gener al  case i s  exponent i al  i n t he s i ze of  t he t heor y.
Consequent l y,  t he way  i n whi ch r epai r s  ar e cal cul at ed,  as  wel l  as  when a r epai r  i s  appl i ed t o
t he t heor y  i n r el at i on t o comput i ng r epai r s  f or  ot her  exampl es ,  can have a pr of ound i mpac t
on t he accur acy  and per f or mance of  t he t heor y  r efinement  al gor i t hm.

A summar y  of  t heNEI THER al gor i t hm i s  pr ov i ded i n Fi gur e4. NEI THER opt s  f or  speed i n
comput i ng r epai r s ,  f ocus i ng on qui ck l y  findi ng one good r epai r  f or  each exampl e.  The goal
i s  t o find t he smal l es t  r epai r  i n t he deepes t  poss i bl e par t  of  t he t heor y.  Af t er  conver t i ng t he
t heor y  i nt o a gr aph,NEI THER uses  a r ecur s i ve r out i ne whi ch s t ar t s  at  t he l eaf  r ul es  of  t he t he-
or y.  Fai l i ng condi t i ons  ar e col l ec t ed at  each r ul e and passed up t o par ent  r ul es .  When a
choi ce i s  poss i bl e,NEI THER al ways  chooses  t he smal l er  r epai r,  pi ck i ng r andoml y  t o br eak
t i es .  Each r ul e i s  v i s i t ed onl y  once,  mak i ng t he r epai r  comput at i on l i near  i n t he s i ze of  t he
t heor y.

Once a r epai r  has  been cal cul at ed f or  each exampl e,NEI THER sel ec t s  one r epai r  f r om
among t he set  t o appl y  t o t he t heor y.  A sel ec t i on i s  made by  t empor ar i l y  modi f y i ng t he t he-
or y  wi t h each r epai r,  cal cul at i ng how many  exampl es  i t  fixes  and how many  new mi sc l ass i fi -
cat i ons  i t  causes .  These r esul t s  ar e combi ned wi t h t he s i ze of  t he r epai r,  and t he smal l es t
r epai r  whi ch fixes  t he mos t  exampl es  wi t h t he f ewes t  new mi sc l ass i ficat i ons  i s  sel ec t ed.  The
r epai r  i s  t hen t es t ed agai ns t  t he r es t  of  t he exampl es ,  and i nduc t i on i s  per f or med i f  necessar y

R1: compile-error‹  constant-not-init
R2: compile-error‹  constant-assigned
R3: constant-not-init‹ (pointer constant)Ù  (pointer-init false)
R4: constant-not-init‹  (integer constant)Ù  (integer-init false)
R5: constant-assigned‹  (integer constant)Ù  integer-initÙ  (integer-set yes)
R6: constant-assigned‹  (integer constant)Ù  integer-initÙ (integer-set through-pointer)
R7: constant-assigned‹  (pointer constant) Ù  pointer-initÙ  pointer-set

Fi gur e3:  Exampl e ofNEI THER r ef i nement .  Above t he dashed l i ne i s  t he r ul e
base bef or e r ef i nement ;  bel ow ar e t he r ul es  af t er  r ef i nement .  Modi f i ed r ul es  ar e

shown i n bol df ace.

R1: compile-error‹  constant-not-init
R2: compile-error‹  constant-assigned
R3: constant-not-init ‹ (pointer constant) Ù (pointer-init false) Ù (integer-set no)
R4: constant-not-init‹  (integer constant)Ù  (integer-init false)
R5: constant-assigned‹  (integer constant)Ù  integer-initÙ  (integer-set yes)

R7: constant-assigned‹  (pointer constant)Ù pointer-init Ù pointer-set
R6: constant-assigned‹  (integer constant)Ù  integer-initÙ (integer-set through-pointer)
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r ul e base i s  “ i ncor r ec t ”  s i nce i t  does  not  pr oduce t he des i r ed c l ass i ficat i on shown f or  t hese
exampl es .  Pr opos i t i onal  Hor n- c l ause t heor i es  can have f our  t ypes  of  semant i c  er r or s ,  as
depi c t ed i n Fi gur e2.  An over l y - gener al  t heor y  i s  one t hat  causes  an exampl e t o be c l ass i fied
i n cat egor i es  ot her  t han i t s  own,  i . e. ,  a f al se pos i t i ve.NEI THER adds  new ant ecedent s  and
del et es  r ul es  t o fix  such pr obl ems.  An over l y - spec i fic  t heor y  causes  an exampl e not  t o be
c l ass i fied i n i t s  own cat egor y,  i . e. ,  a f al se negat i ve.NEI THER r et r ac t s  ex i s t i ng ant ecedent s
and l ear ns  new r ul es  t o fix  t hese pr obl ems.  By  mak i ng t hese f our  k i nds  of  synt ac t i c  r ul e
changes ,NEI THER can cor r ec t  t he semant i cs  of  t he t heor y  by  al t er i ng t he condi t i ons  under
whi ch r ul es  ar e sat i sfied.

NEI THER use a combi nat i on of  t hr ee comput at i ons  t o det er mi ne how t o modi f y  a t heor y.
The fi r s t  s t ep i s  t o find arepai r f or  a s i ngl e f ai l i ng exampl e by  anal yz i ng t he r ul e base t o
det er mi ne what  r ul es  need t o be changed t o fix  t he t heor y  f or  t he exampl e.  For  a f ai l i ng pos-
i t i ve exampl e,  a set  of  r ul e ant ecedent s  i s  f ound whi ch,  i f  del et ed,  wi l l  fix  t he t heor y  f or  t hat
exampl e.  Al t er nat i vel y,  f or  a f ai l i ng negat i ve exampl e,  a set  of  r ul es  i s  comput ed whi ch,  i f
del et ed,  wi l l  r epai r  t he t heor y.  The second s t ep i s  t ot es t a r epai r  f or  a s i ngl e exampl e agai ns t
al l  t he ot her  i nput  exampl es  t o see i f  t he r epai r  wi l l  cause new mi sc l ass i ficat i ons  t o occur.  I f
not ,  t hen t he r epai r  can be appl i ed t o t he t heor y  di r ec t l y.  Ot her wi se,  a t hi r d s t ep i s  t aken
us i ngi nduc t i on t o l ear n a set  of  addi t i onal  condi t i ons  whi ch wi l l  separ at e t he exampl es  fixed
by  t he r epai r  f r om t he exampl es  f or  whi ch t he r epai r  causes  new mi sc l ass i ficat i ons .  These
addi t i onal  condi t i ons  ar e t hen used t o modi f y  t he r epai r.

As  an exampl e,  i n Fi gur e1,  not i ce t hat  bot h exampl e 3 and exampl e 4 ar e f al se negat i ve
exampl es  s i nce nei t her  i s  c l ass i fied as  compi l e- er r or.  Thi s  i ndi cat es  t hat  t he t heor y  i s  over l y -
spec i fic  and mus t  be gener al i zed.  One way  t o r epai r  t he t heor y  f or  exampl e 3 woul d be t o
del et e t he “ ( poi nt er  cons t ant ) ”  condi t i on f r om r ul e R7.  Thi s  al l ows  r ul e R7 t o be sat i sfied by
t he exampl e,  wi t hout  hi nder i ng t he c l ass i ficat i on of  exampl e 1,  and wi t hout  caus i ng r ul e R7
t o become so gener al  t hat  i t  woul d be sat i sfied f or  exampl e 2.  Tes t i ng t hi s  r epai r  agai ns t
exampl es  1,  2 and 4 y i el ds  no new mi sc l ass i ficat i ons ,  and i t  can be appl i ed di r ec t l y  t o t he
t heor y.

Fi ndi ng a r epai r  f or  exampl e 4,  however,  y i el ds  a di ff er ent  r esul t .  The s i mpl es t  r epai r  i s
t o del et e t he “ ( poi nt er  cons t ant ) ”  condi t i on f r om r ul e R3.  However,  when t hi s  r epai r  i s  t es t ed
agai ns t  exampl es  1,  2 and 3,  exampl e 2 i s  er r oneous l y  c l ass i fied as  compi l e- er r or.  The onl y
way  t o fix  t he r epai r  i s  t o r emove t he “ ( poi nt er  cons t ant ) ”  condi t i on f r om t he r ul e,  t o fix
exampl e 4,  pl us  add a new condi t i on t o t he r ul e whi ch keeps  exampl e 2 f r om sat i s f y i ng t he

Incorrect

Overly Overly

Extra Missing Extra Missing
Antecedent

Theory

Rule Antecedent

General

Rule

Specific

Fi gur e2:  Theor y  er r or  t axonomy f or  pr opos i t i onal  Hor n- c l ause t heor i es .
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i s  r epai r ed us i ng a set  of  i nputexampl es.  The exampl es  ar e assumed t o be l i s t s  of  f eat ur e-
val ue pai r s  chosen f r om a set  ofobser vabl e domai n f eat ur es .  Each exampl e has  an assoc i at ed
l abel  orcat egor y whi ch shoul d be pr ovabl e us i ng t he t heor y  wi t h t he f eat ur e val ues  i n t he
exampl e.NEI THER can gener al i ze or  spec i al i ze a t heor y,  wi t hout  user  i nt er vent i on,  and i s
guar ant eed t o pr oduce a set  of  r efinement s  whi ch ar e cons i s t ent  wi t h t he i nput  exampl es .

Fi gur e1 shows an exampl e t heor y  and f our  i nput  exampl es .  The t op of  t he figur e shows
par t  of  a r ul e- base t aken f r om anASSERT t ut or  bui l t  f or  t eachi ng a subset  of  C++ concept s
( f or  a compl et e l i s t i ng of  t he C++ Tut or  r ul es ,  see Appendi x  A) .2 The r ul es ,  number ed R1-
R7,  cons i s t  of  a consequent  whi ch i s  cons i der ed t r ue f or  an exampl e onl y  when t he pr opos i -
t i ons  t o i t s  r i ght  ar e pr ovabl e f r om t he f eat ur e val ues  of  t hat  exampl e.  Pr opos i t i ons  wi t hout
val ues  r epr esent  ei t her  i nt er medi at e concept s  or  ar e shor t hand f or  bi nar y  f eat ur es  r equi r i ng
“ t r ue”  as  a val ue.  Thi s  s i mpl i fied t heor y  has  onl y  one cat egor y,  “ compi l e- er r or, ”  i nt o whi ch
i t  can c l ass i f y  exampl es .  The i nput  exampl es ,  shown i n t he t abl e bel ow t he r ul es ,  ar e cons i d-
er ed c l ass i fied as  compi l e- er r or s  onl y  i f  t hey  can sat i s f y  r ul es  R1 or  R2 or  bot h.  Ot her wi se,  a
c l osed- wor l d assumpt i on i s  used t o c l ass i f y  t he exampl e as  non compi l e- er r or.  So,  f or
i ns t ance,  exampl e 1 i s  cor r ec t l y  c l ass i fied as  a compi l e- er r or  because i t  can sat i s f y  R2 by  sat -
i s f y i ng ei t her  R6 or  R7.  Li kewi se,  exampl e 2 f ai l s  t o sat i s f y  any  of  t he r ul es  and i s  t hus  cor -
r ec t l y  c l ass i fied as  non compi l e- er r or.

However,  exampl es  3 and 4 ar e mi sc l ass i fied by  t he t heor y  i n i t s  cur r ent  s t at e;  t hat  i s ,  t he

2.  The sour ce code f or  bot hASSERT and t he C++ Tut or  i s  avai l abl e f r om t he aut hor s  by  anonymous  FTP.

R1: compile-error‹  constant-not-init
R2: compile-error‹  constant-assigned
R3: constant-not-init‹ (pointer constant)Ù  (pointer-init false)
R4: constant-not-init‹  (integer constant)Ù  (integer-init false)
R5: constant-assigned‹  (integer constant)Ù  integer-initÙ  (integer-set yes)
R6: constant-assigned‹  (integer constant)Ù  integer-initÙ (integer-set through-pointer)
R7: constant-assigned‹  (pointer constant) Ù  pointer-initÙ  pointer-set

Exampl e 1 Exampl e 2 Exampl e 3 Exampl e 4

compi l e- er ror t r ue f al se t r ue t r ue

poi nt er cons t ant non- cons t antnon- cons t antnon- cons t ant

poi nt er- i ni t t r ue f al se t r ue f al se

poi nt er- set t r ue t r ue t r ue t r ue

i nt eger cons t ant non- cons t antnon- cons t antnon- cons t ant

i nt eger- i ni t t r ue t r ue t r ue t r ue

i nt eger- set t hr ough-
poi nt er

yes no no

Fi gur e1:  A Theor y  and Exampl es .  The des i r ed c l ass i f i cat i on f or  each exampl e
i s  shown i n i t al i cs  ( t hus ,  Exampl es  3 and 4 ar e mi sc l ass i f i ed by  t he t heor y ) .
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behav i or  by  i ncor por at i ng knowl edge f r om a l i br ar y  of  expec t ed mi sconcept i ons .  Second,  t o
be t r ul y  adapt i ve and t o avoi d t he cos t s  of  bug l i br ar y  cons t r uc t i on,  one mus t  t ur n t o some
sor t  of  dynami c  model i ng or  l ear ni ng al gor i t hm.  And t hi r d,  t r ac i ng s t udent  ac t i ons  i n com-
par i son t o expec t ed cor r ec t  behav i or  can be an eff ec t i ve t ool  f or  det ec t i ng f aul t y  behav i or
wi t hout  r equi r i ng a gr eat  deal  of  sear ch.ASSERT combi nes  t hese i deas  by  us i ng a machi ne-
l ear ni ng t echni que cal l edt heor y  refinement( Gi nsberg,  1990;  Our s t on and Mooney,  1994;
Cr aw and Sl eeman,  1991;  Towel l  et  al . ,  1990) .  Theor y  r efinement  i s  a met hod f oraut omat i -
cal l y r ev i s i ng a knowl edge base t o be cons i s t ent  wi t h a set  of  exampl es .  Typi cal l y,  t he
knowl edge base i s  cons i der ed i ncor r ec t  or  i ncompl et e,  and t he exampl es  r epr esent  cor r ec t
behav i or  whi ch t he knowl edge base shoul d be abl e t o emul at e.  However,  t he r efinement  pr o-
cedur e i t sel f  i s  bl i nd t o whet her  or  not  t he i nput  knowl edge base i s  “ cor r ec t ”  i n any  absol ut e
sense;  t he t heor y - r efinement  pr ocess  mer el y  modi fies  t he knowl edge base unt i l  i t  i s  cons i s -
t ent  wi t h t he exampl es .  Thus ,  one can al so use t heor y  r efinement  by  i nput t i ng acor rec t
knowl edge base and exampl es  ofer roneous behav i or,  and t heor y  r efinement  wi l l  i nt r oduce
what ever  modi ficat i ons  ar e necessar y  t o cause t he knowl edge base t o s i mul at e t he i ncor r ec t
exampl es .

Theor y  r efinement ,  t hen,  pr ov i des  a bas i s  f or  t he devel opment  of  arefinement - based
model er.  St ar t i ng wi t h a r epr esent at i on of  t he cor r ec t  knowl edge of  t he domai n,  and gi ven
exampl es  of  er r oneous  s t udent  behav i or,  t heor y  r efinement  wi l l  r ev i se t he knowl edge base t o
make i t  cons i s t ent  wi t h t he s t udent ,  i . e. ,  i nt r oduce “ f aul t y ”  knowl edge t o account  f or  t he s t u-
dent ’s  mi s t akes .1 The r efinement s  made t o t he knowl edge base t hen r epr esent  a model  of  t he
s t udent ,  and can be used di r ec t l y  t o gui de t ut or i al  f eedback  by  compar i ng t he r efinement s
wi t h what ever  el ement s  of  t he cor r ec t  knowl edge base t hey  r epl aced.

Us i ng t heor y  r efinement ,ASSERT combi nes  t he met hods  used i n pr ev i ous  model i ng sys -
t ems.  A t heor y - r efinement  l ear ner  combi nes  t he power  of  bot h anal y t i c  ( as  i n MALGEN and
I NFER)  and empi r i cal  ( as  i n ACM)  l ear ni ng t echni ques  i n an i nt egr at ed,  domai n- i ndepen-
dent  way. ASSERT can model  any  mi sconcept i on cons i s t ent  wi t hi n t he pr i mi t i ves  used t o
define t he domai n.  And final l y, ASSERT pr ov i des  an ex t ens i on t o t heor y  r efinement  t hat  can
combi ne t he r esul t s  ofmul t i pl e s t udent  model s  f r omdi f f erent s t udent s .  Thi s  mechani sm
al l owsASSERT t o cons t r uc t  a bug l i br ar y  aut omat i cal l y,  wi t hout  t he necess i t y  of  i nt er vent i on
on t he par t  of  t he aut hor.  Sec t i on4 desc r i bes  t hi s  al gor i t hm i n det ai l .  Fi r s t ,  however,  we t ur n
our  at t ent i on t o t he mechani sm of  t heor y  r efinement  and i t s  r ol e i n t he des i gn ofASSERT.

3.1 Outline of Theory Refinement

Hav i ng out l i ned t he phi l osophy  behi ndASSERT,  we can now t ur n our  at t ent i on t o t he t heor y
r efinement  al gor i t hm ar ound whi chASSERT i s  cons t r uc t ed.  I t  i s  i mpor t ant  t o poi nt  out  f r om
t he s t ar t  t hat  bas i c  des i gn ofASSERT i s  not  t i ed t o a par t i cul ar  t heor y  r efinement  al gor i t hm.
Ot her  t heor y  r efinement  sys t ems whi ch di ff er  f r om t he one pr esent ed her e coul d be used t o
pr ov i deASSERT wi t h di ff er ent  or  enhanced capabi l i t i es .

ASSERT uses  t heNEI THER al gor i t hm ( Baff es ,  1994;  Baff es  & Mooney,  1993)  whi ch i s
based on t heEI THER t heor y - r efinement  sys t em ( Our s t on & Mooney,  1990) .EI THER was  cho-
sen as  a s t ar t i ng poi nt  because i t  was  t he mos t  compl et e symbol i c  t heor y - r efinement  sys t em
avai l abl e.NEI THER i s  des i gned t o wor k  wi t h a pr opos i t i onal  Hor n- c l ause knowl edge r epr e-
sent at i on.  I t  t akes  t wo i nput s ,  a pr opos i t i onal  Hor n- c l ause r ul e base cal l ed t het heor y,  whi ch

1.  Keep i n mi nd t hat  t he l anguage used her e i s  hi ghl y  subj ec t i ve i n nat ur e.  One need not  t ake t he v i ew t hat  s t udent
ac t i ons  ar e “ mi s t akes . ”  The cent r al  poi nt  i s  t hat  t heor y  r efinement  can be used t o det ec t  aut omat i cal l y  any
ac t i ons  whi ch ar e i ncons i s t ent  wi t h i t s  gi ven knowl edge base.
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wi t h a number  of  pr oposed mal - r ul es  and mus t  dec i de whi ch ones  ar e t he “ keeper s . ”

2.3.2 Modeling by Induction

I n an eff or t  t o avoi d t he cos t  assoc i at ed wi t h hand- cons t r uc t ed bug l i br ar i es ,  Langl ey  et  al .
t ur ned t o machi ne l ear ni ng.  Thei r  ACM sys t em ( Langl ey  & Ohl sson,  1984;  Langl ey  et  al . ,
1990)  was  t he fi r s t  eff or t  t o har ness  machi ne l ear ni ng t echni ques  f or  di agnos i s  of  mi sconcep-
t i ons  t hr ough t he use ofi nduc t i on.  ACM uses  a domai n- i ndependent  i nduc t i on al gor i t hm t o
i nduce cont r ol  knowl edge r epr esent i ng how s t udent s  appl y  oper at or s  i n a gi ven domai n.  The
out put  of  i nduc t i on i s  a set  of  condi t i ons  whi ch pr edi c t  when anoper at or wi l l  pr oduce as t at e
whi ch l i es  on t hesol ut i on pat h connec t i ng t he i nput  f or  a gi ven pr obl em t o t he s t udent ’s
sol ut i on.  The condi t i ons  f ound by  i nduc t i on ar e t hen used t o spec i al i ze t he oper at or s ,  and t he
r esul t  i s  a pr ocedur e t hat  model s  t he s t udent ’s  uni que pr obl em sol v i ng behav i or.

By  us i ng i nduc t i on,  ACM can oper at e aut omat i cal l y,  cons t r uc t i ng model s  t hat  capt ur e
bot h cor r ec t  and buggy  knowl edge.  However,  because t he oper at or s  mus t  i ni t i al l y  be gener al
enough t o model  many  k i nds  of  behav i or,  bot h cor r ec t  and i ncor r ec t ,  t he pot ent i al  sear ch
space i s  huge.  Langl ey  et  al .  not e t hi s ,  and sugges t  var i ous  “ psychol ogi cal l y  pl aus i bl e”  con-
di t i ons  whi ch can be appl i ed t o t he oper at or s  t o l i mi t  t he sear ch.  However,  t he sys t em i s  s t i l l
f undament al l y  l i mi t ed by  t he compl ex i t y  of  hav i ng t o cons t r uc t  a model  compl et el y  f r om
scr at ch.  Thi s  can onl y  be r emedi ed by  col l ec t i ng l arge amount s  of  dat a on each s t udent  or  by
i mpos i ng f ur t her  cons t r ai nt s  on t he sear ch space,  whi ch woul d r equi r e findi ng such con-
s t r ai nt s  by  us i ng t he ver y  human- i nt ens i ve met hods  t hi s  t echni que i s  des i gned t o avoi d.

2.4 Tracing Techniques

One final  s t y l e of  s t udent  model er  bear s  ment i oni ng because i t  r epr esent s  a bl end of  t he var -
i ous  t echni ques  descr i bed t o t hi s  poi nt .  I n what  mi ght  be l oosel y  t er medt r ac i ng t echni ques ,
t he under l y i ng phi l osophy  i s  t o f ol l ow al ong wi t h t he s t udent  dur i ng hi s  or  her  pr obl em sol v -
i ng,  s t oppi ng whenever  t he s t udent  dev i at es  f r om t he cor r ec t  pr ocedur e.  As  such,  t r ac i ng
t echni ques  mus t  have knowl edge of  bot h cor r ec t  and i ncor r ec t  ac t i ons  l i ke buggy  model er s ,
and mus t  al so have a mechani sm f or  r epr oduc i ng t he s t eps  f ol l owed by  t he s t udent  l i ke
ACM’ s  sol ut i on pat hs .  Us i ng t he cor r ec t  pat h as  a bi as ,  t r ac i ng sys t ems can oper at e ver y  effi -
c i ent l y.

The pi oneer i ng eff or t s  i n t hi s  ar ea ar e Ander son’s model  t r ac i ng t ut or s  ( Ander son,  1983;
Ander son et  al . ,  1985;  Rei ser  et  al . ,  1985) ,  whi ch f ol l ow s t udent  behav i or  by  r equi r i ng al l
i nt er ac t i on wi t h t he t ut or  t o occur  t hr ough menu sel ec t i on.  Ot her  t r ac i ng sys t ems ut i l i ze a
l ogi c - based r epr esent at i on ( Cos t a et  al . ,  1988;  I keda & Mi soguchi ,  1993;  Hoppe,  1994)
wher e t he i dea i s  t o use an anal y t i cal  appr oach,  such as  deduc t i on or  r esol ut i on,  t o sear ch
t hr ough a r ul e- base t o det er mi ne wher e a mi sconcept i on l i es .  Whenever  t he r ul e- base f ai l s  t o
pr oduce a “ pr oof ”  whi ch mi mi cs  t he s t udent ’s  ac t i ons ,  t he poi nt s  wher e t he pr oof  f ai l s
become candi dat es  f or  quer y i ng t he user  about  hi s  or  her  bel i ef s .

Unl i ke t he pr ev i ous  met hods ,  t r ac i ng t echni ques  do not  dynami cal l y  cons t r uc t  s t udent
model s .  I ns t ead,  t hey  r el y  upon ei t her  t he assumpt i on t hat  t he s t udent  can be di r ec t ed t o f ol -
l ow al ong t he cor r ec t  pat h or  quer y i ng an or ac l e whenever  a dev i at i on i s  det ec t ed.  As  such
t hey  l ack  t he abi l i t y  t o handl e novel  s t udent  mi sconcept i ons  i ndependent l y.

3 Refinement–Based Modeling

Thi s  pr ev i ous  wor k  on s t udent  model i ng has  r esul t ed i n t hr ee i mpor t ant  i deas  cent r al  t o t he
r esear ch pr esent ed her e.  Fi r s t ,  model i ng sys t ems can i nc r ease t hei r  cover age of  s t udent
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di r ec t l y  on t o t he knowl edge used t o engi neer  t he sys t em.  The di sadvant age,  i s  t he r epr esen-
t at i onal  r es t r i c t i on pl aced on t he model —onl y  mi ss i ng el ement s  of  t he cor r ec t  knowl edge
can be model ed.  Al t er nat i ve not i ons  whi ch a s t udent  mi ght  have cannot  be capt ur ed.  Spec i f -
i cal l y,  t hi s  means  t hatmi sconcept i ons cannot  be model ed.  Thus ,  over l ay  model s  can capt ur e
t he not i on of  a s t udent ’s  l ack  of  knowl edge,  but  t hey  cannot  be used t o model  t he s t udent
who knows of  a t opi c  but  mi sunder s t ands  i t .

2.2 Bug Libraries

To addr ess  t he l i mi t at i on of  over l ay  model s ,  ot her  r esear cher s  f ocused on cons t r uc t i ng dat a-
bases  of  s t udent  mi sconcept i ons  t ypi cal l y  t er medbug l i br ar i es.  The c l ass i c  bug- l i br ar y  wor k
was  done by  Br own,  Bur t on and VanLehn ( Br own & Bur t on,  1978;  Bur t on,  1982;  Br own &
VanLehn,  1980) ,  Sl eeman and Smi t h ( Sl eeman & Smi t h,  1981) ,  and Young and O’ Shea
( Young & O’ Shea,  1981) ,  but  a number  of  ot her  sys t ems can be sai d t o i ncor por at e some
f or m of  s t or ed mi sconcept i ons  ( Ri ch,  1989;  Mi l l er  & Gol ds t ei n,  1977;  Qui l i c i ,  1989;  Sol o-
way  & Johnson,  1984) .  Wi t h a bug l i br ar y,  model s  ar e bui l t  by  mat chi ng s t udent  behav i or
agai ns t  a cat al og of  expec t ed bugs  whi ch ar eprecons t r uc t ed by  hand t hr ough an anal ys i s  of
s t udent  er r or s .

The i dea i s  a ver y  power f ul  one,  espec i al l y  i f  spec i fic  r esponses  can be t i ed t o what ever
buggy  s t r uc t ur es  ar e encoded.  However,  t wo i mpor t ant  pr obl ems r emai n wi t h t hi s  s i mpl e
bug- l i br ar y  appr oach.  Fi r s t ,  t he cons t r uc t i on of  such cat al ogs  by  hand i s  a di fficul t  and t i me-
consumi ng t ask  whi ch mus t  be r epeat ed f or  ever y  new domai n.  Second,  even i f  gr eat  car e i s
t aken,  t he r esul t i ng l i br ar y  may  s t i l l  f ai l  t o cover  a wi de enough r ange of  behav i or s  t o f unc -
t i on success f ul l y.  That  i s ,  a s t udent  may  exhi bi t  a mi sconcept i on whi ch was  not  ant i c i pat ed
by  t he aut hor  of  t he l i br ar y.  As  wi t h over l ay  model s ,  t he s t at i c  nat ur e of  bug l i br ar i es  r ender s
t hem i ncapabl e of  model i ng unant i c i pat ed s t udent  behav i or s .

2.3 Dynamic Modeling

To capt ur e novel  s t udent  mi sconcept i ons ,  one mus t  t ur n t o some k i nd of  sear ch over  t he
space of  poss i bl e bugs .  Two met hods  have been t r i ed t o dat e:  one at t empt s  t o ex t end a bug
l i br ar y  and t he ot her  at t empt s  t o i nf er  a model  of  t he s t udent  f r om sc r at ch us i ng i nduc t i ve
machi ne–l ear ni ng t echni ques .  I n bot h cases ,  novel  er r or s  ar e model ed by  cons t r uc t i ng new
buggy  i nf or mat i on dynami cal l y,  us i ng dat a f r om a s t udent ’s  behav i or  t o bound t he sear ch.

2.3.1 Extending a bug library

Sl eeman et  al .  ( Sl eeman et  al . ,  1990)  descr i be t wo ex t ens i ons  t o t hei r  PI XI E sys t em,  cal l ed
I NFER*  and MALGEN,  bot h of  whi ch can be used t o ex t end a bug l i br ar y.  I n PI XI E’s  bug
l i br ar i es ,  mi sconcept i ons  ar e encoded as  f aul t y  r ul es  t er medmal - r ul es.  Bot h I NFER*  and
MALGEN at t empt  t o gener at e new mal - r ul es  when t he s t udent  exhi bi t s  a pr obl em t hat  can-
not  be model ed us i ng t he mal - r ul es  al r eady  i n t he bug l i br ar y.  The di ff er ence bet ween t he
t wo ex t ens i ons  i s  t hat  I NFER*  bui l ds  new mal - r ul es  by  fi l l i nggaps i n par t i al  r epr esent at i ons
of  a s t udent ’s  sol ut i on,  wher eas  MALGEN uses  a gener at e- and- t es t  met hod t o c r eat e new
candi dat e mal - r ul es .

The di sadvant age of  bot h sys t ems i s  t hei r  r el i ance upon a user  t o dec i de whi ch new mal -
r ul es  ar e appr opr i at e ex t ens i ons  f or  t he bug l i br ar y.  To t hei r  c r edi t ,  t he aut hor s  do r ai se t hi s
i ssue and di scuss  pot ent i al  fi l t er s  t hat  mi ght  be used t o cut  down on t he number  of  new mal -
r ul es  pr esent ed t o t he user.  Unf or t unat el y,  t o t hi s  poi nt  no gener al - pur pose fi l t er i ng mecha-
ni sm whi ch mi ght  be usabl e ac r oss  domai ns  has  been f ound.  I n t he end,  t he user  i s  s t i l l  f aced
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Unf or t unat el y,  t he di fficul t y  of  cons t r uc t i ng and t es t i ng s t udent  model s  has  di scour aged
many  r esear cher s  f r om pur sui ng f ur t her  i nves t i gat i ons  i nt o t he fiel d.  Despi t e t he f ac t  t hat
mor e t han t wo decades  of  r esear ch has  r esul t ed i n a wi de var i et y  of  s t udent  model i ng t ech-
ni ques ,  t he pr ac t i cal  t ask  of  i ncor por at i ng t hese t echni ques  i nt o a f unc t i oni ng t ut or i ng sys -
t em has  pr oved t o be a maj or  r oadbl ock .  Fur t her mor e,  nei t her  t he ut i l i t y  nor  even t he
necess i t y  of  s t udent  model i ng as  a component  of  an I TS i s  a uni ver sal l y  accept ed f ac t .  Qui t e
t o t he cont r ar y,  an i nt er v i ew of  t en wel l - known I TS r esear cher s  whi ch appear s  i n t he Mar ch
1993 i ssue ofAI  Communi cat i ons came t o t he conc l us i on t hat  “ mos t  of  t he r esear cher s  no
l onger  bel i eve i n on- l i ne s t udent  model l i ng. ”  ( Sandberg & Bar nar d,  1993) .  The ar t i c l e went
on t o conc l ude t hat  “ i ns t ead of  becomi ng mor e i nt egr at ed,  t he fiel d has  become mor e
di verged i n t he l as t  f ew year s .  I t  appear s  t hat  sc i ent i s t s  i n t he fiel d of  educat i on and t echnol -
ogy  no l onger  shar e a r esear ch par adi gm. ”

Thus  t he cur r ent  chal l enge f or  s t udent  model i ng i s  t o show t hat  model i ng a s t udent  can
be made bot hpr ac t i cal andef f ec t i ve.  Thi s  i s  pr ec i sel y  t he cont r i but i on of  t hi s  wor k ,  as
embodi ed i n t heASSERT al gor i t hm (Acquiring StereotypicalStudentEr r or s byRefining
Theories) .ASSERT was  des i gned t o show t hat  s t udent  model i ng i s  a v i abl e t ool  f or  bui l di ng
an eff ec t i ve t ut or i ng sys t em.  By  t ak i ng advant age of  some of  t he l at es t  t echni ques  i n
machi ne l ear ni ng,ASSERT i s  abl e t o cons t r uc t  s t udent  model s  effic i ent l y  and aut omat i cal l y,
cat chi ng bot h expec t ed and novel  s t udent  mi sconcept i ons .  Al so,  i t  i s  t he fi r s t  model i ng sys -
t em whi ch can cons t r uc t  bug l i br ar i es  aut omat i cal l y  us i ng t he i nt er ac t i ons  of  mul t i pl e s t u-
dent s ,  wi t hout  r equi r i ng i nput  f r om t he aut hor,  and i nt egr at e t he r esul t s  so as  t o i mpr ove
f ut ur e model i ng eff or t s .  I n t hi s  sense,ASSERT i s  a sel f - i mpr ov i ng s t udent  model er.  Fi nal l y,
ASSERT can be used t o s i gni ficant l y  i mpr ove s t udent  per f or mance,  as  wi l l  be shown i n t he
sec t i ons  whi ch f ol l ow.

The r emai ni ng sec t i ons  ar e organi zed as  f ol l ows .  Sec t i on2 r ev i ews  pr ev i ous  wor k  i n s t u-
dent  model i ng as  a mot i vat i on under l y i ng t he des i gn ofASSERT.  Sec t i on3 t hen pr esent s  a
descr i pt i onASSERT f ocus i ng on t he por t i on of  t he al gor i t hm whi ch capt ur es  i ndi v i dual  s t u-
dent  er r or s .  Nex t ,  Sec t i on4 descr i bes  how t r ends  ac r oss  a popul at i on of  s t udent s  ar e aut o-
mat i cal l y  col l ec t ed i nt o abug l i br ar y,  and how such a l i br ar y  i s  t hen i ncor por at ed i nt o t he
model i ng pr ocess .  Fi nal l y,  Sec t i on5 pr esent s  exper i ment al  r esul t s  f ol l owed by  di scuss i on
and conc l us i ons  i n Sec t i ons  6 and 7.

2 Previous Work

2.1 Overlay Modeling

The ear l i es t  AI - based s t udent  model s ,  embodi ed i n sys t ems such as  SCHOLAR ( Car bonel l ,
1970) ,  WEST ( Bur t on & Br own,  1976)  and WUSOR ( Car r  & Gol ds t ei n,  1977) ,  used a f or m
of  model i ng whi ch i s  now gener al l y  r ef er r ed t o asover l ay  model i ng.  An over l ay  model  r el i es
on t he assumpt i on t hat  a s t udent ' s  knowl edge i s  al ways  a subset  of  t he cor r ec t  domai n knowl -
edge.  As  t he s t udent  per f or ms ac t i ons  whi ch i l l us t r at e t hat  he or  she under s t ands  par t i cul ar
el ement s  of  t he domai n knowl edge,  t hese ar e mar ked i n t he over l ay  model .  Mor e sophi s t i -
cat ed over l ay  model s  can expr ess  a r ange of  val ues  i ndi cat i ng t he ex t ent  t o whi ch t he sys t em
bel i eves  a s t udent  under s t ands  a gi ven t opi c  us i ng some f or m of  t r ut h- mai nt enance scheme
( Fi nni n,  1989;  Mur r ay,  1991) .  However  t he mar k i ng i s  achi eved,  t ypi cal l y  t he unmar ked el e-
ment s  of  t he model  ar e used t o f ocus  t ut or i ng on new pr obl em ar eas  f or  t he s t udent ,  or  t o
ensur e f ul l  cover age of  t he domai n.

The advant age of  t he over l ay  i s  i t s  s i mpl i c i t y ;  t he el ement s  of  t he model  can be mapped
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Abstract

A c r i t i c al  c omponent  of  model - bas ed i nt el l i gent  t ut or i ng s y s t ems  i s  a mec hani s m f or
c apt ur i ng t he c onc ept ual  s t at e of  t he s t udent ,  whi c h enabl es  t he s y s t em t o t ai l or  i t s  f eedbac k
t o s ui t  i ndi v i dual  s t r engt hs  and weak nes s es .  To be us ef ul  s uc h a model i ng t ec hni que mus t
bepr ac t i c al,  i n t he s ens e t hat  model s  ar e eas y  t o c ons t r uc t ,  andef f ec t i v e,  i n t he s ens e t hat
us i ng t he model  ac t ual l y  i mpac t s  s t udent  l ear ni ng.  Thi s  r es ear c h pr es ent s  a new s t udent
model i ng t ec hni que whi c h c an aut omat i c al l y  c apt ur e nov el  s t udent  er r or s  us i ng onl y  c or r ec t
domai n k nowl edge,  and c an aut omat i c al l y  c ompi l e t r ends  ac r os s  mul t i pl e s t udent  model s .
Thi s  appr oac h has  been i mpl ement ed as  a c omput er  pr ogr am,ASSERT,  us i ng a mac hi ne
l ear ni ng t ec hni que c al l edt heor y  r ef i nement , whi c h i s  a met hod f or  aut omat i c al l y  r ev i s i ng
a k nowl edge bas e t o be c ons i s t ent  wi t h a s et  of  ex ampl es .  Us i ng a k nowl edge bas e t hat  c or -
r ec t l y  def i nes  a domai n and ex ampl es  of  a s t udent ’ s  behav i or  i n t hat  domai n,ASSERT

model s  s t udent  er r or s  by  c ol l ec t i ng any  r ef i nement s  t o t he c or r ec t  k nowl edge bas e whi c h
ar e nec es s ar y  t o ac c ount  f or  t he s t udent ’ s  behav i or .  The ef f i c ac y  of  t he appr oac h has  been
demons t r at ed by  ev al uat i ngASSERT us i ng 100 s t udent s  t es t ed on a c l as s i f i c at i on t as k  c ov -
er i ng c onc ept s  f r om an i nt r oduc t or y  c our s e on t he C++ pr ogr ammi ng l anguage.  St udent s
who r ec ei v ed f eedbac k  bas ed on t he model s  aut omat i c al l y  gener at ed byASSERT per f or med
s i gni f i c ant l y  bet t er  on a pos t  t es t  t han s t udent s  who r ec ei v ed s i mpl e r et eac hi ng.

1 Intr oduction

St udent  model i ng has  a l ong and i nt er es t i ng hi s t or y,  dat i ng back  wel l  i nt o t he ear l i es t  eff or t s
t o pr oducei nt el l i gent  t ut or i ng sys t ems ( I TS) .  The bes t  met hod f or  cons t r uc t i ng and us i ng a
s t udent  model  i s  s t i l l  t he subj ec t  of  much debat e.  Mos t  s t udent  model i ng t echni ques ,  how-
ever,  have a s i mi l ar  goal ,  whi ch mi ght  be defined as  f ol l ows :

Gi ven: A set  ofexpec t at i ons r egar di ng s t udent  behav i or  i n some domai n and,
A set  ofobser vat i ons of  a spec i fic  s t udent ’s  behav i or  on one or  mor e t asks  i n t hat
domai n,

Fi nd: A represent at i on account i ng f or  any  di sc r epanc i es  bet ween t he expec t at i ons  and
obser vat i ons  t hat  can be used as  a bas i s  f or  t ut or i ng t he s t udent .

I deal l y,  a uni que model  i s  bui l t  f or  ever y  s t udent  who i nt er ac t s  wi t h t he sys t em,  i nc l udi ng
capt ur i ng mi sconcept i ons  spec i fic  t o each s t udentwhi ch are not  pre- progr ammed i nt o t he
t ut or.  Us i ng t he s t udent  model ,  an I TS woul d t hen modi f y  i t s  f eedback  t o sui t  spec i fic
s t r engt hs  and weaknesses ,  enabl i ng i t  t o be t r ul y  adapt i ve t o t he i ndi v i dual .


