
UC Merced
Proceedings of the Annual Meeting of the Cognitive Science 
Society

Title
Individual Differences and Predictive Validity in Student Modeling

Permalink
https://escholarship.org/uc/item/5bs755pr

Journal
Proceedings of the Annual Meeting of the Cognitive Science Society, 16(0)

Authors
Corbett, Albert T.
Carver, Valerie H.
Anderson, John R.
et al.

Publication Date
1994
 
Peer reviewed

eScholarship.org Powered by the California Digital Library
University of California

https://escholarship.org/uc/item/5bs755pr
https://escholarship.org/uc/item/5bs755pr#author
https://escholarship.org
http://www.cdlib.org/


Individua l  Difference s a n d Predictiv e Validit y i n Studen t  M o d e l i n g 

Alber t  T .  Corbet t 
School  o f  Compute r  Scienc e 
Camegie Mello n Universit y 

Pittsburgh ,  P A 1521 3 
ac2 1 0ancirew.cmu.ed u 

Joh n R .  Anderso n 
Departmen t  o f  Psycholog y 
Camegie Mello n Universit y 

Pittsburgh ,  P A 1521 3 
jaO s 0andrew.cmu.ed u 

Valeri e H .  Carve r 
Departmen t  o f  Psycholog y 
Camegie Mello n Universit y 

Pittsburgh ,  P A 1521 3 
vcOe @andrew.cmu.ed u 

Scot t  A .  Brancolin i 
Departmen t  o f  Psycholog y 
Camegie Mello n Universit y 

Pittsburgh ,  P A 1521 3 
sb5 p @andrew.cmu.ed u 

Abstrac t 

This paper evaluates the student modeling procedure in the 
A CT Programmin g Tuto r  (APT) .  A P T i s a  practic e 
environmen t  tha t  provide s assistanc e t o student s a s the y 
writ e shor t  programs .  Th e tuto r  i s constructe d aroun d a  se t 
of  severa l  hundre d programmin g rule s calle d th e idea l 
studen t  model ,  tha t  allow s th e progra m t o solv e exercise s 
alon g wit h th e student .  A s th e studen t  work s th e tuto r 
maintain s a n estimat e o f  th e probabilit y  tha t  th e studen t 
has learne d th e rule s i n th e idea l  model ,  i n a  proces s w e cal l 
knowledg e tracing .  Th e cognitiv e model ,  an d th e learnin g 
and performanc e assumption s tha t  underli e knowledg e 
tracin g ar e described .  Th e assumption s tha t  underli e 
knowledg e tracin g als o yiel d performanc e predictions . 
Thes e prediction s provid e a  goo d fi t  t o students ' 
performanc e i n completin g tuto r  exercises ,  bu t  a  mor e 
importan t  issu e i s ho w wel l  th e mode l  predict s students ' 
performanc e outsid e th e tuto r  enviroimient .  A  previou s 
stud y showe d tha t  th e mode l  provide s a  goo d fi t  t o averag e 
posttes t  performanc e acros s students ,  bu t  i s  les s sensitiv e 
t o individua l  differences .  Thi s pape r  describe s a  metho d o f 
individualizin g learnin g an d performanc e estimate s on-lin e 
i n th e tuto r  an d assesse s th e validit y o f  th e resultin g 
performanc e predictions . 

The ACT Programming Tutor (APT) 

This paper describes efforts to model students' changing 
knowledg e stat e a s the y complet e exercise s wit h th e A C T 
Programmin g Tuto r  (APT) .  Th e projec t  assume s tha t  a 
cognitiv e skil l  ca n b e represente d a s a  se t  o f  productio n mle s 
and ou r  diagnosti c goa l  i s  t o mode l  change s i n th e students ' 
knowledg e o f  thes e rule s ove r  time .  Th e ultimat e purpos e i s 
t o predic t  students '  performanc e level s whe n workin g o n 
thei r  o w n outsid e th e tuto r  environmen t  an d t o customiz e 
th e tuto r  exercis e sequenc e s o tha t  student s achiev e a 
satisfactor y performanc e leve l  a s rapidl y a s possible .  I n th e 
followin g section s w e describ e th e tutor ,  th e curriculum ,  th e 
cognitiv e model ,  th e leamin g an d performanc e assumptions , 
individua l  difference s an d a n evaluatio n o f  th e model . 

A PT i s a  practic e environmen t  fo r  student s learnin g t o 
progra m i n Lisp ,  Prolo g o r  Pasca l  (Anderson ,  Corbett , 
Koedinge r  &  Pelletier ,  i n press) .  T h e Lis p an d Prolo g 
module s ar e presentl y employe d t o teac h a  self-pace d 
introductor y programmin g cours e a t  Cameg i e Mello n 
Universit y an d th e Pasca l  modul e i s i n us e i n a n 
introductor y programmin g cours e i n a  Pittsburg h Hig h 
School .  Th e tuto r  present s exercise s tha t  requir e student s t o 
writ e shor t  program s an d provide s assistanc e a s th e student s 
cod e thei r  solutions .  Thi s repor t  focuse s o n th e Lis p 
curriculu m an d Figur e 1  depict s th e compute r  scree n a t  th e 
beginnin g o f  th e firs t  Lis p exercise .  Th e exercis e 
descriptio n appear s i n th e windo w a t  th e uppe r  lef t  an d th e 
studen t  enter s a  solutio n i n th e cod e windo w immediatel y 
below .  Thi s exercis e involve s jus t  tw o codin g goal s o r 
steps .  I n th e figure ,  th e studen t  ha s jus t  complete d th e firs t 
ste p b y enterin g th e Lis p operato r  car .  I n th e remainin g ste p 
th e studen t  wil l  ente r  th e litera l  lis t  argumen t  t o car ,  '( c d  e) . 
Th e tuto r  provide s immediat e feedbac k o n a  step-by-ste p 
basi s an d require s immediat e erro r  correction ,  s o th e studen t 
alway s remain s o n a  recognize d solutio n path . 

The skill meter in the upper right corner of Figure 1 
represent s th e focu s o f  thi s study .  I t  display s th e tutor' s 
model  o f  th e student' s knowledg e state .  Thi s mode l  consist s 
of  a  se t  o f  productio n rule s fo r  writin g Lis p programs .  Eac h 
ml e tha t  ha s bee n introduce d i n th e curriculu m i s represente d 
by a  ba r  grap h i n th e skil l  mete r  depictin g th e probabilit y 
tha t  th e studen t  ha s learne d th e rule .  I n th e figure ,  thi s 
probabilit y  i s  .5 0 fo r  thre e o f  th e mles ,  bu t  ha s risen  t o .8 0 
fo r  th e ml e th e studen t  ha s jus t  exercised .  I n thi s stud y w e 
evaluat e thi s studen t  modelin g proces s an d h o w wel l  i t 
predict s studen t  performanc e outsid e th e tutor . 

The Cognitive Model 

A centra l  assumptio n underlyin g th e tuto r  i s tha t  a  cognitiv e 
skil l  suc h a s programmin g ca n b e modele d a s a  se t  o f 
independen t  productio n rules .  Eac h ste p i n performin g a 
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Figur e 1 .  Th e A P T Programmin g Tuto r  interfac e a t  th e beginnin g o f  a  Lis p exercise . 

skil l  i s  governe d b y on e o f  thes e if-the n rules ,  relatin g th e 
curren t  goa l  an d proble m stat e t o a n appropriat e action .  Th e 
tuto r  i s constructe d aroun d a  se t  o f  severa l  hundre d language -
specifi c  rule s fo r  writin g program s calle d th e idea l  studen t 
model .  Th e tuto r  attempt s t o matc h th e student' s actio n a t 
eac h ste p i n solvin g a n exercis e t o a n applicabl e rul e i n th e 
idea l  studen t  mode l  i n a  proces s w e cal l  mode l  tracing .  I f  a 
matc h i s found ,  th e assumptio n i s mad e tha t  th e studen t  ha s 
applie d a n analogou s cognitiv e rul e an d th e tutor' s interna l 
representatio n o f  th e proble m stat e i s update d accordingly .  I f 
no matc h i s found ,  th e tuto r  notifie s th e studen t  o f  th e erro r 
and allow s th e studen t  t o tr y again . 

The Learning Model 

Th e idea l  mode l  als o serve s a s a n overla y mode l  o f  th e 
individua l  student' s knowledg e stat e (Goldstein ,  1982) .  I n 
knowledg e tracing ,  th e tuto r  maintain s a  probabilit y 
estimat e tha t  th e studen t  ha s learne d each  rul e i n th e idea l 
model .  A t  eac h opportunit y t o appl y a  rule ,  th e probabilit y 
tha t  th e studen t  know s th e rul e i s updated ,  contingen t  o n 
whethe r  th e student' s actio n wa s correc t  o r  not .  Th e 
Bayesia n computationa l  procedur e i s a  variatio n o f  on e 
describe d b y Atkinso n (1972) .  I t  assume s a  simpl e two -
stat e learnin g mode l  wit h n o forgetting .  Eac h rul e i s eithe r 
i n th e learne d o r  unlearne d state .  A  rul e ca n mak e th e 
transitio n fro m th e unlearne d t o th e learne d stat e a t  eac h 
opportunit y t o appl y th e rule ,  bu t  rule s d o no t  mak e th e 

transitio n i n th e othe r  direction .  Th e mode l  employ s tw o 
learnin g parameter s an d tw o performanc e parameters , 
displaye d i n Tabl e 1 .  Paramete r  value s ar e estimate d 
empiricall y fro m earlie r  tuto r  data .  Bes t  fitting  estimate s 
hav e bee n show n t o var y acros s cognitiv e rule s (Corbet l  & 
Anderson ,  1992a) ,  s o eac h o f  th e fou r  learnin g an d 
performanc e parameter s i s estimate d separatel y fo r  eac h 
productio n rul e i n th e cognitiv e model . 

Mastery Learning 

Th e tuto r  use s th e knowledg e racin g mechanis m i n a n 
attemp t  t o implemen t  master y learning .  Eac h lesso n i n th e 
tuto r  i s divide d int o section s i n whic h a  smal l  se t  o f 
programmin g rule s i s introduced .  Th e studen t  complete s a 
fixed  se t  o f  require d exercise s i n eac h sectio n tha t  cove r  th e 
rule s bein g introduced ,  the n continue s workin g o n remedia l 
exercise s i n th e sectio n unti l  th e probabilit y  tha t  th e studen t 
has learne d each  rul e i n th e sectio n ha s reache d a  criterio n 
value ,  0.95 .  Th e knowledg e u-acin g procedur e passe d a 
m in imu m validit y tes t  whe n i t  wa s introduced .  Posttes t 
score s wer e highe r  whe n th e remediatio n algorith m wa s i n 
operatio n (Anderson ,  Conra d &  Corbett ,  1989) .  However , 
we nee d t o examin e th e validit y o f  th e mode l  i n predictin g 
performanc e t o determin e th e feasibilit y  o f  genuin e master y 
learnin g i n whic h al l  student s ar e assiste d i n reachin g a  hig h 
leve l  o f  performance . 
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Tabl e 1 .  Th e learnin g an d performance  parameter s employe d i n knowledg e tracing . 

P(L0 ) 

P(T) 

P(G) 

P(S) 

Th e probabilit y  a  rul e i s i n th e learne d slat e prio r  l o th e firs t  opportunit y t o appl y th e rul e (i.e. , 
fro m reading  th e text) . 

The probability a rule will make the U'ansition from the unlearned to the learned state following an 
opportunit y t o appl y th e rul e 

The probability a student will guess correctly if the applicable rule is in the unlearned state 

The probability the student will slip and make an error when the applicable rule is in the learned 
stat e 

Pred ic t i v e Va l id i t y a n d Ind i v i dua l 
D i f f e rence s i n P a r a m e t e r  E s t i m a t e s 

The learnin g an d performanc e assumption s i n th e mode l 
allo w u s t o predic t  th e probabilit y  o f  correc t  codin g actions . 
The probabilit y  tha t  a  studen t  s  wil l  respon d correctl y a t 
eac h goa l  g  i n proble m solvin g i s give n b y th e followin g 
equation : 

P(Cgs) = P(Lrs) * (1 - P(Sr)) + (1 - P(Lrs)) * P(Gr) 

That is, the probability that student s will successfully 
appl y a n appropriat e rul e r  a t  goa l  g  i s th e su m o f  tw o 
products :  (1 )  th e probabilit y  tha t  rul e r  i s  i n th e learne d stat e 
fo r  studen t  s  time s th e probabilit y  o f  a  correc t  respons e i f 
th e rul e i s i n th e learne d state ,  an d (2 )  th e probabilit y  tha t 
rul e r  i s  no t  i n th e learne d stat e fo r  studen t  s  time s th e 
probabilit y  o f  a  correc t  gues s i f  th e rul e i s no t  i n th e learne d 
state .  Thes e prediction s hav e bee n show n t o fi t  th e tuto r 
dat a ver y wel l  (Corbet t  &  Anderson ,  1992b ;  Corbett , 
Anderso n &  O'Brien ,  1993) . 

It is important that the model accurately predicts posttest 
performanc e outsid e th e tuto r  environment .  Student s ca n 
deviat e fro m correc t  solutio n path s i n a  posttest ,  s o 
prediction s a t  th e leve l  o f  individua l  goal s ar e problematic , 
however ,  w e ca n deriv e performanc e prediction s a t  th e leve l 
of  whol e exercises .  I f  productio n rule s ar e independen t  a s 
th e mode l  assumes ,  the n th e probabilit y  tha t  a  studen t  wil l 
complet e a n exercis e correctl y i s  give n by : 

nP(Cgs) 

the product of the probabilities that the student will respond 
correctl y a t  each  successiv e goa l  i n solvin g th e exercise . 

In a previous study, the model proved quite accurate in 
predictin g averag e posttes t  performanc e level s acros s 
students ,  regardles s o f  whethe r  student s worke d t o master y i n 
th e tuto r  curriculu m o r  jus t  complete d a  fixe d se t  o f 
exercise s (Corbett ,  Anderso n &  O'Brien ,  i n press) .  W h e n 
th e student s worke d throug h a  fixe d exercis e se t  th e mode l 
was als o sensitiv e t o individua l  difference s amon g students . 
Actua l  an d expecte d accurac y wa s strongl y correlated ,  r  = 

0.69 .  W h e n student s worke d throug h th e remediatio n 
proces s t o "mastery "  i n th e tutor ,  however ,  th e mode l  wa s 
insensitiv e t o individua l  difference s a m o n g student s i n 
jwsttes t  performance . 

The insensitivity to individual differences when students 
hav e nominall y reac h master y i s no t  surprising .  B y 
definition ,  whe n student s reac h master y th e estimate d 
probabilit y  tha t  eac h studen t  ha s learne d eac h cognitiv e rul e 
exceed s 0.9 5 an d ther e i s littl e variabilit y  i n predicte d tes t 
performanc e acros s students .  I f  student s genuinel y maste r 
th e material ,  ther e shoul d als o b e littl e variabilit y  i n actua l 
tes t  performance ,  o r  a t  leas t  littl e tha t  ca n b e predicte d fro m 
tuto r  performance .  Instead ,  tes t  performanc e correlate d 
reliabl y a  ra w measur e o f  tuto r  performance ,  overal l  erro r 
rate ,  r  =  -0.64 .  T h e mor e error s student s m a d e i n 
completin g a  c o m m o n se t  o f  tuto r  exercise s i n workin g l o 
mastery ,  th e lowe r  the y tende d t o scor e o n th e posttest . 

This pattern of results, in which test performance 
correlate s inversel y wit h erro r  rate s i n th e tutor ,  ca n aris e 
becaus e th e mode l  fail s  t o captur e individua l  difference s 
among student s i n learning .  Th e learnin g an d performanc e 
paramete r  estimate s fo r  eac h cognitiv e rul e ar e grou p 
averages .  Th e mode l  wil l  underestimat e th e learnin g stat e 
(probabilit y  th e studen t  ha s learne d th e rules )  fo r  student s 
w ho lear n quickl y (i.e. ,  student s whos e "true "  p(Lo )  an d p(T ) 
ar e abov e average) .  Thes e students ,  w h o wil l  ten d t o m a k e 
fewe r  error s i n practice ,  wil l  ge t  mor e remediatio n tha n 
necessar y an d ten d t o overlea m th e material .  Conversely , 
th e tuto r  wil l  overestimat e th e learnin g stat e fo r  student s 
w ho ar e learnin g slowl y ("true "  p(Lo )  an d p(T )  belo w 
average) .  Thes e student s wil l  ten d t o mak e mor e mistake s 
an d ge t  mor e remediation ,  bu t  nevertheles s wil l  ge t  les s 
remediatio n tha n i s necessary .  Thi s wil l  resul t  i n a  negativ e 
correlatio n o f  tuto r  error s an d posttes t  accuracy .  (Individua l 
difference s i n th e performanc e paramete r  hav e opposin g 
effects .  Individua l  difference s i n th e sli p paramete r  wil l  als o 
lea d th e mode l  t o underestimat e th e learnin g stat e o f  thos e 
student s makin g fewe r  error s an d vic e versa .  Individua l 
difference s i n th e gues s paramete r  wor k i n th e opposit e 
direction ;  th e mode l  wil l  overestimat e th e learnin g stal e o f 
student s makin g fe w error s an d vic e versa) . 
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M o d e l i n g Individua l  Difference s 

We nee d t o mode l  difference s i n learnin g an d performanc e 
parameter s acros s bot h cognitiv e rule s an d students . 
However ,  a  singl e studen t  doe s no t  provid e sufficien t  dat a t o 
generat e student-specifi c  paramete r  estimate s fo r  eac h rule . 
Instead ,  w e ca n star t  wit h th e bes t  fittin g rule-specifi c 
paramete r  estimate s acros s a  grou p o f  subject s an d 
incorporat e individua l  difference s i n th e for m o f  fou r  subject -
specifi c  weights ,  on e weigh t  fo r  eac h paramete r  type ,  wLq , 

w T,  w G an d w S . 

We applied this model to the tutor data in our previous 
study .  I n fitting  eac h student' s data ,  w e converte d eac h o f 
th e rule-specifi c  grou p paramete r  estimate s t o odd s form , 
multiplie d b y th e correspondin g subject-specifi c  weight ,  an d 
converte d th e odd s bac k t o a  probabilit y  a s show n here : 

pi r  *  wi s 

( 1 -  pir )  +  pi f  *  wi s 

In this formula, i indicates the parameter type (P(Lo), P(T), 

P(G) ,  P(S)) ,  r  th e rul e an d s  th e student .  W e generate d a  se t 
of  fou r  bes t  fitting  weight s acros s al l  rule s fo r  eac h subjec t 
wit h a  curve-fittin g program .  Th e resultin g se t  o f  weighte d 
rule-specifi c  parameter s yield s a  revise d estimat e o f  eac h 
student' s knowledg e stat e an d a  revise d se t  o f  tes t 
performanc e predictions .  Thes e revise d prediction s wer e 
mor e sensitiv e t o individua l  differences ;  th e correlatio n o f 
actua l  an d predicte d performanc e w a s 0.5 1 (Corbett , 
Anderso n &  O'Brien ,  i n press) . 

While this model is promising, there is a practical 
proble m i n deployin g thi s model .  Th e subjec t  weights ,  lik e 
th e learnin g an d performanc e parameter s mus t  b e estimate d 
empirically .  Whil e th e rule-specifi c  performanc e parameter s 
ca n b e estimate d fro m previou s tuto r  data ,  th e sam e i s no t 
tru e o f  th e subject-specifi c  weights .  I n applyin g th e mode l 
retroactivel y t o th e earlie r  study ,  w e use d th e student' s entir e 
tuto r  dat a se t  t o estimat e weights .  I n practice ,  w e nee d t o 
emplo y th e weight s i n th e tuto r  whe n ther e i s onl y partia l 
dat a o n a  student' s performanc e an d whe n ther e i s insufficien t 
tim e t o emplo y a  curve-fittin g algorith m i n an y case .  Th e 
presen t  stud y evaluate s a n attemp t  t o estimat e student -
specifi c  weight s on-line . 

The Study 

Student s i n thi s stud y worke d throug h th e first  si x section s 
of  th e A P T Lis p curriculu m an d complete d thre e posttests . 
Th e stud y i s designe d t o asses s th e posttes t  predictiv e 
validit y o f  th e revise d knowledg e tracin g procedur e wit h 
individualize d learnin g an d performanc e weights . 

Students 

Twent y colleg e student s wer e recruite d fo r  pay .  Th e 
students '  mea n Quantitativ e an d Verba l  S A T score s wer e 62 8 
and 57 7 respectively .  Thes e student s ha d take n a n averag e o f 
0. 6 programmin g course s previously ,  bu t  thi s wa s thei r  first 
exposur e t o Lisp . 

T h e C u r r i c u l u m 

The curriculu m i n thi s stud y introduce s tw o dat a structures , 
atom s an d lists ,  alon g with/Mnc/io « call s (operations )  an d 
functio n definitions .  Th e first  sectio n introduce s thre e 
extracto r  functions ,  car ,  cd r  an d reverse ,  tha t  retur n 
component s o f  o r  a  transformatio n o f  a  list .  Th e secon d an d 
thir d section s inu-oduc e thre e constructo r  functions ,  append , 
con s an d lis t  tha t  buil d ne w lists .  I n th e fourt h sectio n 
neste d extracto r  functio n call s ar e introduced .  I n th e fifth 
sectio n student s lear n t o defin e ne w function s tha t  emplo y 
thes e extracto r  algorithms .  I n th e sixt h sectio n student s 
defin e function s tha t  emplo y bot h constructo r  an d extracto r 
functions .  Thi s curriculu m i s covere d b y 5 4 rule s i n th e 
idea l  studen t  mode l  an d require s a  min imu m o f  6 4 exercise s 
t o complete . 

Procedure 

Student s worke d throug h th e curriculu m a t  thei r  ow n pace . 
I n eac h sectio n student s rea d tex t  describin g Lisp ,  the n 
complete d a  fixed  se t  o f  require d exercise s tha t  cove r  th e 
programmin g rule s bein g introduced .  A t  tha t  point , 
regression  equations ,  a s describe d below ,  wer e employe d t o 
generat e fou r  learnin g an d performanc e weight s fo r  eac h 
student .  I n th e first  fiv e sections ,  student s the n complete d 
remedia l  exercise s a s neede d t o brin g al l  productio n rule s 
introduce d i n th e sectio n t o a  master y criterio n (minimu m 
learnin g probabilit y  o f  0.95) .  I n th e final  section ,  student s 
complete d a  fixed  se t  o f  exercise s wit h n o remediation . 

Following the first, fourth and sixth sections students 
complete d a  cumulativ e posttest .  Th e qui z interfac e wa s a 
structur e editor ,  identica l  t o th e tuto r  interface ,  excep t  tha t 
(1 )  student s ca n freel y edi t  thei r  cod e an d (2 )  n o hel p i s 
available .  Th e posttest s containe d six ,  twelv e an d fifteen 
programmin g exercise s respectively .  Thes e exercise s ar e 
simila r  t o th e one s complete d wit h th e tutor .  Sinc e student s 
do no t  wor k t o master y i n th e las t  curriculu m section ,  th e 
fina l  tes t  allow s u s t o asses s th e predictiv e validit y o f  th e 
model  an d it s sensitivit y t o individua l  difference s whe n ther e 
i s considerabl e variabilit y  i n bot h th e mode l  prediction s an d 
actua l  tes t  scores .  Th e firs t  tw o test s allo w u s t o asses s 
whethe r  th e mode l  i s sensitiv e t o an y residua l  variabilit y  i n 
actua l  tes t  performanc e afte r  al l  student s hav e nominall y 
reache d mastery . 

Estimating Weights. When best fitting student weights 
ar e derived ,  a s i n th e previou s study ,  th e logarithm s o f  th e 
weight s ar e strongl y correlate d wit h th e tota l  numbe r  o f 
error s student s mak e i n th e fixe d se t  o f  require d tuto r 
exercises .  W h e n a  studen t  complete d eac h se t  o f  require d 
exercise s i n th e curren t  study ,  fou r  update d weight s wer e 
derive d base d o n cumulativ e error s an d th e regressio n 
equation s derive d i n th e earlie r  study . 

Results 

Student s complete d a n averag e o f  1 1 remedia l  exercise s i n 
additio n t o th e 6 4 require d exercises .  Whil e th e numbe r  o f 
remedia l  exercise s range d fro m 0  t o 2 6 fo r  ninetee n students , 
th e remainin g studen t  ha d substantia l  difficult y wit h 
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constructo r  function s i n th e secon d an d thir d section s an d 
ultimatel y complete d 9 8 remedia l  exercises .  Nevertheless , 
thi s student' s qui z performanc e fel l  withi n th e rang e o f  th e 
othe r  ninetee n student s an d th e model' s predictiv e validit y fo r 
thi s studen t  wa s characteristi c o f  th e res t  o f  th e group . 

Internal Validity. We can use the knowledge tracing 
model  t o predic t  accurac y a t  eac h goa l  i n th e tuto r  exercises , 
as describe d above .  T o asses s th e interna l  validit y o f  th e 
knowledg e tracin g proces s w e examine d th e tuto r  protoco l 
files  an d trace d eac h student' s performanc e goal-by-goa l 
throug h th e curriculum .  A t  eac h o f  th e 34 5 goal s i n th e 
require d exercises ,  w e first  predicte d th e probabilit y  o f  a 
correc t  respons e give n th e applicabl e rule ,  the n applie d th e 
th e knowledg e tracin g procedur e t o updat e th e learnin g 
probabilit y  fo r  th e applicabl e rule .  W e di d no t  fit  (predic t 
accurac y for )  th e remedia l  exercises ,  howeve r  w e di d updat e 
learnin g probabilitie s a t  thes e goals ,  jus t  a s th e tuto r  would . 
The mode l  yielde d a  goo d fi t  t o th e dat a acros s th e 34 5 
goals .  Th e actua l  probabilit y  o f  a  correc t  respons e an d th e 
predicte d probabilit y  bot h average d 0.9 0 acros s goals . 
Actua l  an d expecte d accurac y rate s wer e als o highl y 
correlate d acros s goals ,  r=0.79 ,  p  <  0.0001 . 

Posttest Predictive Validity. As described above, the 
knowledg e tracin g mode l  allow s u s t o predic t  th e probabilit y 
tha t  a  studen t  wil l  complet e a  posttes t  exercis e correctly . 
For  eac h studen t  an d eac h posttes t  w e compute d (1 )  th e 
proportio n o f  exercise s actuall y complete d correctl y an d (2 ) 
th e mea n expecte d probabilit y  o f  completin g th e exercise s 
correctly .  Th e averag e o f  thes e statistic s acros s subject s i s 
displaye d i n Tabl e 2 .  A s ca n b e see n th e mode l  accuratel y 
predict s averag e posttes t  performanc e acros s subject s i n th e 
first  test ,  bu t  overestimate s performanc e o n th e las t  tw o 
test s b y roughl y 1 5 % . 

Table 2 includes two measures concerning individual 
difference s i n posttes t  performance .  Th e correlatio n o f  actua l 
posttes t  performanc e accurac y an d predicte d accuracy ,  rAP ,  i s 

reported .  I n addition ,  th e correlatio n o f  actua l  posttes t 

accurac y an d ra w erro r  rat e i n th e tutor ,  ̂ A E ,  i s displayed . 
Result s fo r  th e firs t  an d thir d posttest s replicat e thos e 
obtaine d previousl y wit h th e standar d knowledg e tracin g 
model .  Th e curren t  mode l  an d th e standar d mode l  ar e 

insensitiv e t o individua l  difference s o n th e firs t  test ,  bu t 

ther e ar c n o discernibl e individua l  difference s o n thi s 

relativel y eas y test .  O n th e othe r  hand ,  th e curren t  mode l  i s 

highl y sensitiv e t o individua l  difference s o n th e thir d 

posttest ,  r  =  0.81 ,  p  <  0.0001 .  However ,  thi s tes t  cover s 

th e final  tuto r  sectio n i n whic h student s complete d a  fixed 

curriculu m rathe r  tha n workin g t o master y an d th e standar d 

model  i s  als o highl y sensitiv e t o individua l  difference s unde r 

thes e circumstances . 

The second posttest represents the crucial test for 
sensitivit y t o individua l  difference s i n th e curren t 
individualize d knowledg e tracin g model .  Student s wor k t o 
master y i n al l  curriculu m section s o n thi s tes t  an d i n th e 
precedin g stud y th e standar d knowledg e tracin g mode l  prove d 
completel y insensitiv e t o substantia l  individua l  difference s 
i n performanc e tha t  correlate d strongl y wit h ra w tuto r  erro r 
rate .  I n th e presen t  study ,  ther e i s agai n a  stron g correlatio n 
of  Posttes t  2  performanc e wit h ra w erro r  rate ,  r  =  -0.63 . 
Unlik e th e standar d model ,  however ,  th e individualize d 
knowledg e tracin g mode l  i n thi s stud y show s a t  leas t 
moderat e sensitivit y t o thes e individua l  differences ,  r  =  0.31 , 
p <  0.10 . 

Discussion 

T h e n e w individualize d knowledg e tracin g mode l  i s 
reasonabl y successfu l  i n predictin g averag e grou p 
performance ,  althoug h i t  overpredict s posttes t  performanc e 
somewhat .  I t  i s  mor e effectiv e tha n th e standar d knowledg e 
tracin g mode l  i n identifyin g individua l  differences .  R a w 
tuto r  erro r  rat e remain s a s goo d o r  bette r  a  predicto r  o f 
individua l  differences ,  althoug h th e ultimat e goa l  o f  th e 
knowledg e tracin g mode l  i s t o structur e practic e s o tha t  thi s 
correlatio n o f  ra w tuto r  erro r  rat e an d posttes t  performanc e i s 
substantiall y  reduce d o r  eliminated . 

There are a variety of possible reasons that the model 
predict s highe r  posttes t  accurac y tha n i s actuall y obtained : 
(1 )  whil e th e mode l  fits  th e tuto r  dat a i n general ,  i t  m a y b e 
systematicall y overpredictin g performanc e o n students '  final 
tuto r  exercise s a s wel l  a s o n th e posttest ;  (2 )  student s 
motivatio n m a y dro p of f  fo r  th e posttest ,  resultin g i n a 

Tabl e 2 .  Actua l  an d expecte d proportio n o f  exercise s complete d correctl y acros s subject s i n eac h o f  th e thre e posttests . 

Posttes t  1 

Posttes t  2 

Posttes t  3 

M e an Proportio n Correc t 

Actua l 

.9 2 

.7 6 

.6 6 

Predicte d 

.9 1 

.8 7 

.7 5 

TAP 

0.0 1 

0.3 1 

0.8 1 

rA E 

0.0 5 

-0.6 3 

-0.7 8 
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performanc e decline ;  (3 )  student s ma y hav e forgotte n som e 
knowledg e acquire d wit h th e tutor ;  an d (4 )  student s ma y 
acquir e suboptima l  rule s wit h th e tuto r  tha t  d o no t  full y 
generaliz e t o th e test . 

We can largely rule out the first three possibilities in this 
study ,  base d o n som e additiona l  dat a analyses .  First ,  ther e i s 
no evidenc e tha t  th e mode l  i s systematicall y overpredictin g 
tuto r  performanc e towar d th e en d o f  eac h section .  Th e 
exercise s ca n b e categorize d accordin g t o th e function s an d 
algorithm s employed ,  an d w e compute d th e actua l  an d 
predicte d performanc e fo r  th e fina l  exercis e o f  eac h typ e i n 
th e tutor .  Th e mode l  actuall y underpredict s performanc e o n 
thes e exercise s b y abou t  5% .  Second ,  w e measure d tota l 
tim e spen t  o n eac h qui z a s a n indirec t  measur e o f 
motivation .  Posttes t  tim e correlate s inversel y wit h posttes t 
performance .  Tha t  is ,  student s wh o perfor m wors e o n th e 
tes t  ar e takin g longe r  t o complet e it ,  a s woul d b e expecte d i f 
the y ar e struggling .  Finally ,  th e declin e i n students ' 
performanc e fro m th e tuto r  t o posttes t  doe s no t  appea r  t o 
reflec t  forgetting .  Eac h qui z i s cumulative ,  an d ther e ar e 
fou r  section s i n c o m m o n t o bot h quizze s 2  an d 3 .  Th e 
relativ e retentio n interva l  fo r  rule s introduce d i n eac h o f 
thes e fou r  section s i s no t  correlate d wit h performanc e o n th e 
rule s eithe r  withi n o r  acros s th e tw o tests . 

The likely explanation for the model's 15% overprediction 
of  posttes t  performanc e i s tha t  th e rule s student s ar e formin g 
do no t  full y  generaliz e t o th e posttes t  environment .  Eve n 
th e earl y portion s o f  th e Lis p curriculu m i s conceptuall y 
challengin g an d student s ma y for m suboptima l  rule s durin g 
practic e tha t  ar e onl y partiall y  correlate d wit h correc t  rule s 
(Corbet t  &  Anderson ,  1992b ,  1993) .  However ,  th e tuto r 
use s a  "dropout "  remediatio n algorith m tha t  ma y contribut e 
t o thi s problem .  I n eac h sectio n o f  th e curriculu m a  fe w 
rule s ar e introduced .  A s th e studen t  "masters "  som e o f  thes e 
rule s the y ar e droppe d fro m th e practic e sequenc e an d 
student s complet e exercise s tha t  emplo y th e remainin g rules . 
As practic e progresse s an d th e se t  o f  remainin g rule s an d 
correspondin g action s declines ,  ther e i s a  growin g potentia l 
t o generat e spuriou s rule s base d o n superficia l  characteristic s 
of  th e exercises ,  o r  eve n t o simpl y gues s correctly .  Thi s 
patter n woul d simultaneousl y lea d t o a  stron g invers e 
relationshi p betwee n tuto r  error s an d posttes t  performance , 
and weake n th e predictiv e validit y o f  th e knowledg e tracin g 
model .  Thi s suggest s th e remedia l  algorith m shoul d retai n 
programmin g rule s i n th e sequenc e o f  practic e exercise s eve n 
afte r  th e studen t  ha s "mastered "  th e rules .  Whil e thi s 
increase s tota l  practic e time ,  i t  ma y b e necessar y fo r  student s 
t o genuinel y maste r  th e material . 
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