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K n o w l e d g e Trac in g i n th e A C T P r o g r a m m i n g Tutor ' 

Alber t  T .  Corbet t  an d Joh n R .  Anderso n 

Psycholog y Departmen t 
Carnegi e Mello n Universit y 

Pittsburgh .  P A 1521 3 

c(xbet t  @ p s y .cmu.ed u 

anderso n @ p s y .cmu.ed u 

A b s t r a c t 

The ACT Programming Tutor provides assistance to 

student s a s the y writ e shor t  compute r  programs .  Th e 
tuto r  i s constructe d aroun d a  se t  o f  severa l  hundre d 

programmin g rule s tha t  allow s th e tuto r  t o solv e 

exercise s step-by-ste p alon g wit h th e student .  Thi s 

p^)e r  evaluate s th e Oitor' s studen t  modelin g jx^ocedur e 

tha t  i s use d t o guid e remediation .  Thi s procedure , 

terme d knowledg e tracing ,  employ s a n overla y o f  th e 

tutor' s programmin g rules .  I n knowledg e tracing ,  th e 

tuto r  maintain s a n estimat e o f  th e probabilit y  tha t  th e 

studen t  ha s learne d eac h o f  th e rules .  Th e probabilit y 

fo r  a  rul e i s update d a t  eac h opportunit y t o appl y th e 

rule ,  base d o n th e student' s performance .  Th e 

predictiv e validit y o f  th e modelin g procedur e fo r  tut w 

performanc e accurac y an d posttes t  performanc e 

accurac y i s assessed .  Individua l  difference s i n learnin g 

parameter s an d cognitiv e rule s ar e discussed ,  along 
wit h possibl e improvement s i n th e modelin g 

procedure . 

The A C T Programmin g Tuto r 

This paper reports an assessment of student modeling 

i n th e A C T Programmin g Tuto r  (APT) .  A P T i s a 

practic e environmen t  fo r  student s learnin g t o progra m 

i n Lisp ,  Pasca l  o r  Prolo g (Anderson ,  et .  al. ,  i n press) . 

The 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 initia l  seve n section s o f  th e Lis p curriculum . 

Tabl e I  display s exampl e exercise s fro m th e firs t  an d 

las t  o f  thes e sections .  Th e flrst  sectio n introduce s 

tw o basi c dat a types ,  atom s (symbols )  an d list s 

1 This research was supported by the Office of Naval 

Research ,  gran t  N00014-91-J-1597 . 

(grouping s o f  symbols) ,  an d thre e function s tha t 

extrac t  informatio n fro m a  list .  B y th e sevent h 

section ,  student s ar e learnin g t o defin e n e w function s 

tha t  emplo y thes e thre e extracto r  function s i n 
combinatio n wit h thre e othe r  function s tha t  construc t 

ne w lists . 

I n workin g wit h th e tutor ,  student s ente r  exercis e 

solution s top-dow n wit h a n interfac e tha t  i s  simila r  t o 

a structur e editor .  Th e firs t  exercis e require s tw o 

codin g cycles :  firs t  th e studen t  enter s ca r  (eithe r  b y 

typin g o r  throug h m e n u selection )  the n type s th e 

litera l  lis t  '( c d  e) .  Th e secon d exampl e require s eigh t 

codin g cycles .  Th e studen t  enter s defu n (t o defin e a 
ne w function) ,  the n code s th e ne w functio n name , 

declare s tw o variable s (tw o cycles )  an d code s th e bod y 

of  th e functio n (fou r  cycles) .  Th e las t  exercis e als o 

require s thre e additiona l  interfac e manipulatio n cycle s 

i n whic h unneede d edit w node s ar e deleted .  Th e tuto r 

monitor s studen t  performanc e o n a  cycle-by-cyl e basi s 

and provide s immediat e feedbac k t o kee p th e studen t 

on a  correc t  solutio n path .  I f  th e studen t  make s a 

mistake ,  th e tuto r  notifie s th e student ,  an d allow s th e 
studen t  t o tr y again .  Th e tuto r  doe s no t  voluntee r  an y 

verba l  feedbac k o n errors ,  bu t  th e studen t  ca n reques t 

hel p a t  eac h step . 
We hav e bee n usin g suc h tutor s t o teac h 

programmin g course s ove r  th e pas t  eigh t  year s an d 

th e Lis p an d Prolo g module s ar e currentl y use d t o 

teac h a  self-pace d introductor y course .  Overall ,  th e 

tutor s hav e prove n effective .  Student s using  th e 

tuto r  generall y wor k throug h exercise s mor e quickl y 

and perfor m a s wel l  o r  bette r  o n posttest s (Anderso n 
& Reiser ,  1985 ;  Corbet t  &  Anderson ,  1990 .  1991) . 

Despit e thi s genera l  effectiveness ,  however ,  som e 

student s flounder .  A s a  result ,  w e incorporate d a 
studen t  modelin g an d remediatio n mechanis m int o th e 

tutor .  Recentl y w e hav e begu n evaluatin g th e 

validit y o f  thi s mechanism . 
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Sectio n 1  Exampl e Exercis e 

Write a Lisp function call that returns c from 

th e lis t  ( c d  e) . 

Answer: (car'(cde)) 

Sectio n 7  Exampl e Exercis e 

Defme a function named replace-first that takes 

tw o arguments .  Assum e th e secon d argumen t 

wil l  b e a  list .  Th e functio n replace s th e first 

elemen t  o f  th e lis t  wit h th e first  argumen t 

For  example , 

(replace-first 'rose '(tulip daisy iris)) 

returns  (ros e dais y iris) . 

Answer: (defun replace-first (itm lis) 

(con s it m (cd r  lis)) ) 

Tabl e 1 .  T w o Lisp  Exercise s draw n fro m th e 

initia l  an d final  section s o f  th e curriculu m unde r 

review. 

S t u d e n t  M o d e l i n g 

APT is constructed around a set of several hundred 

productio n rule s fo r  writin g programs ,  calle d th e idea l 

studen t  model ,  whic h allow s th e tuto r  t o solv e th e 

exercise s sbsp-hy-ste p alon g wit h th e student  Th e 

tuto r  attempt s t o matc h th e student' s actio n a t  eac h 

ste p t o a n applicabl e rul e i n th e idea l  mode l  i n a 

proces s w e cal l  mode l  tracing .  Th e idea l  studen t 

model  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) .  A s th e studen t  woriu ,  th e tuto r  maintain s a n 

estimat e o f  th e probabilit y  tha t  th e studen t  ha s learne d 

eac h 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 update d contingen t  o n th e accurac y o f  th e 

student' s action .  Thi s process ,  whic h w e cal l 

knowledg e tracing ,  serve s a s th e basi s fo r  remediation 

i n th e tutor .  A  smal l  se t  o f  codin g rule s i s introduce d 

i n eac h sectio n o f  th e curriculu m an d afte r  th e studen t 

complete s a  minima l  se t  o f  require d exercises ,  th e 

tuto r  continue s presentin g remedia l  exercise s i n th e 

sectio n unti l  th e studen t  ha s "mastered "  eac h rul e i n 

th e se t  Master y i s define d i n th e tuto r  a s a  learnin g 

probabilit y  o f  a t  leas t  0.9S . 

Th e knowledg e tracin g mechanis m passe d a 

minima l  validit y tes t  whe n i t  wa s first  intixxluced . 

Posttes t  score s wer e highe r  whe n th e remediatio n 

mechanis m wa s i n operatio n (Anderson ,  Conrad .  & 

Corbett ,  1989) .  Recently ,  w e complete d a  mor e 

detaile d assessmen t  o f  knowledg e tracin g o n th e basi s 

of  bot h tuto r  an d posttes t  dat a (Corbet t  &  Anderson , 

1992) .  Whil e knowledg e tracin g i s intende d t o infe r  a 

student' s knowledg e stat e fo r  th e purpos e o f  guidin g 

practice ,  th e underlyin g cognitiv e an d learnin g model s 

ca n b e use d t o predic t  a  student' s accurac y i n 

completin g tuto r  exercises .  A t  eac h goa l  (step )  i n 

solvin g th e exercises ,  w e ca n estimat e th e probabilit y 

of  a  correc t  respons e give n th e student' s history .  T o 

asses s th e model ,  w e compare d actua l  an d predicte d 

accurac y acros s subject s a t  eac h goal .  Knowledg e 

tracin g performe d moderatel y wel l  i n thi s validit y 

check .  Acros s th e 15 8 codin g step s i n th e require d 

exercises ,  actua l  an d predicte d accurac y wer e reliably 
correlated ,  r  =  0.47 . 

I n principle ,  th e final  productio n rul e learnin g 

probabilitie s shoul d predic t  posttes t  performanc e jus t 

as the y f M ^ c t  tuto r  accuracy .  However ,  th e final 

probabilitie s ar e tightl y distribute d betwee n 0.9 S an d 

1. 0 afte r  knowledg e tracing ,  s o ther e i s littl e potentia l 

t o tes t  thi s hypothesis .  A  relate d predictio n i s tha t  i f 

master y learnin g i s successful ,  posttes t  performanc e 

shoul d no t  correlat e wit h th e numbe r  o f  mistake s 

student s m a k e i n achievin g mastery .  Th e studen t 

modelin g mechanis m di d no t  d o a s wel l  b y thi s 

criterion .  Th e numbe r  o f  exercise s require d t o reac h 

criterio n w a s reliabl y correlate d wit h posttes t 

performance ,  r  =-0.52 .  Th e mor e exercise s student s 

complete d i n reachin g criterion ,  th e wors e the y di d o n 

th e quiz . 

Revis in g th e M o d e l s 

While the model predicted tutor performance 

reasonabl y well ,  ther e wer e systemati c deviation s i n 

th e fit  tha t  coul d b e trace d t o deficiencie s i n bot h th e 

underlyin g mathematica l  an d cognitiv e models .  A s 

describe d below ,  th e mathematica l  mode l  employ s 

fou r  parameters .  Th e value s employe d b y th e tutor , 

whic h wer e estimate d fro m prio r  tuto r  dat a an d hel d 

constan t  acros s productio n rule s i n th e idea l  model , 

resulte d i n a  substantia l  underpredictio n o f  th e 

variabilit y  i n accurac y acros s goal s i n th e lesson .  W e 

refi t  th e dat a afte r  th e fact ,  allowin g th e fou r 

paramete r  value s t o var y acros s productions .  Th e bes t 

fitting  estimate s yielde d a  substantiall y  bette r  fit,  r  = 
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0.8S .  I n thi s fit,  predicte d an d actua l  accurac y stil l 

deviate d substantiall y  fo r  som e rules ,  suggestin g tha t 

th e idea l  mode l  require s revision .  I n thi s pape r  w e 

repor t  a n evaluatio n o f  a  revise d model . 

sectio n student s defin e function s tha t  emplo y bod i 

extracto r  an d constructo r  functions .  A  m i n i m u m o f 

fort y exercise s i s require d t o complet e thi s 

curriculum . 

Th e Stud y 

The study assesses the internal and external validity of 

th e A P T knowledg e tracin g mechanis m ove r  th e firs t 

seve n section s o f  th e Lis p curriculum . 

T h e Student s 

Twenty five students worked through the curriculum 

i n th e cours e o f  completin g a  clas s i n introductor y 

programming .  Thi s w a s th e first  colleg e leve l 

exposur e t o programmin g fo r  al l  student s an d th e first 

exposur e t o Lisp . 

P r o c e d u r e 

Students worked through the exercises at their own 

pace .  I n eac h sectio n o f  th e tuto r  curriculu m student s 

rea d abou t  Lis p i n a  text ,  complete d a  se t  o f  require d 

exercise s tha t  cover s al l  th e rule s introduce d i n th e 
section ,  the n complete d remedia l  exercise s a s needed . 

Remedia l  exercise s ar e selecte d b y th e tuto r  t o brin g 

al l  production s introduce d i n th e sectio n t o a 
minimu m learnin g probabilit y  o f  0.9S .  A t  th e en d o f 

th e first  lesso n th e student s complete d a  quiz . 

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

In the seven sections of the curriculum under 

investigation ,  student s ar e introduce d t o (1 )  tw o dat a 

types ,  atom s (symbols )  an d list s (hierarchica l 
grouping s o f  symbols) ,  (2 )  functio n call s (operations ) 

and (3 )  functio n definitions .  Th e first  sectio n i n th e 

curriculu m introduce s simpl e list s (fla t  list s o f  atoms ) 
and thre e basi c extracto r  functions ,  car ,  cd r  an d 

reverse ,  tha t  retur n component s o f  o r  a  transformatio n 

of  a  list .  Th e secon d sectio n introduce s Uue e basi c 

function s tha t  for m ne w lists ,  append ,  con s an d list . 

I n th e thir d an d fourt h section s student s lear n t o appl y 

th e sam e si x function s t o hierarchicall y neste d lists . 
I n th e fifth  section ,  student s ar e introduce d t o 

extracto r  algorithm s -  neste d functio n call s applyin g 

multipl e extracto r  function s t o lists .  I n th e sixt h 

section ,  student s lear n t o defin e n e w function s tha t 

perfor m suc h extracto r  algorithms .  I n th e final 

T h e Cogni t iv e M o d e l 

The cognitive model consists of 3S productions rules. 

Thre e rule s gover n th e codin g o f  a  singl e extracto r 

function ,  either ,  car ,  cd r  an d revers e wit h a  simpl e 

lis t  i n sectio n 1 .  A  singl e rul e govern s th e transfe r  o f 

al l  thes e extractor s t o neste d list s i n sectio n 2 .  Fiv e 

additiona l  rule s gover n th e codin g o f  thes e thre e 

function s i n mor e comple x algwithm s i n sectio n 5 . 

Th e mode l  distinguishe s five  additiona l  extractio n 

context s i n th e las t  tw o section s o n functio n 

definitions .  A  singl e rul e govern s th e codin g o f  an y 

extracto r  o r  extracto r  algorith m i n eac h o f  thes e five 

contexts . 

T h e thre e constructo r  function s ar e employe d i n 

thre e context s acros s section s 2 ,  4  an d 7  -  simpl e 

lists ,  neste d list s an d functiona l  arguments .  Give n 

students '  difficult y wit h constructo r  functions ,  th e 

tuto r  m a k e s n o assumption s concernin g th e 

generalizatio n o f  constructo r  knowledge .  Thus ,  nin e 

rule s ar e employe d t o mode l  th e thre e rule s i n th e 

thre e contexts .  Twelv e additiona l  rule s mode l  th e 

codin g o f  dat a structures ,  th e element s o f  functio n 

definitions ,  notabl y variabl e declaratio n an d usage , 

and som e edito r  manipulations . 

Thi s mode l  incorporate s thre e revision s stemmin g 

fro m th e prio r  assessment :  (1 )  separat e rule s fo r 

codin g function s wid i  flat  an d wit h neste d lists ,  (2 ) 

th e modelin g o f  extracto r  algorithm s wit h five 

functionall y define d rule s rathe r  tha n tw o syntacticall y 

define d rule s an d (3 )  tw o distinc t  rule s fo r  declarin g 

th e first  variabl e an d subsequen t  variable s i n a 
functio n definition . 

K n o w l e d g e T r a c i n g 

Knowledge tracing in the tutor assumes a simple 

two-stat e learnin g mode l  wit h n o forgetting .  Eac h 

rule s i s eithe r  i n a  learne d o r  a n 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 canno t  m a k e th e transitio n i n th e opposit e 

direction .  T h e goa l  i n knowledg e tracin g i s t o 

estimat e th e probabilit y  tha t  eac h rul e i s i n th e 

learne d state .  Afte r  eac h ste p i n proble m solving ,  th e 

tuto r  update s thi s learnin g probabilit y  estimat e fo r  th e 

an)licabl e productio n rule ,  base d o n th e student' s 
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Pq th e probabilit y  tha t  a  rul e i s i n th e 

learne d stat e befor e th e rul e i s 

employe d i n proble m solvin g fo r 

th e first  tim e (i.e. ,  fro m reading ) 

PT the probability that a rule will make 

th e transitio n fro m th e unlearne d t o 

th e learne d stat e followin g a n 

opportunit y t o appl y th e rul e 

PG the probability a student will guess 

correctl y i f  th e rul e i s i n th e 

unlearne d stat e 

PS the probability a student will slip 

and mak e a n erro r  whe n th e applicabl e 

rul e i s i n th e learne d stal e 

Tabl e 2 .  Th e fou r  parameter s employe d i n 

knowledg e tracing . 

action. The Bayesian computational procedure is a 

variatio n o f  on e describe d b y Atkinso n (1972) .  I t 

emp loy s tw o learnin g parameter s an d tw o 

performanc e parameters ,  a s displaye d i n Tabl e 2 . 

Thes e paramete r  value s ar e estimate d empiricall y fro m 

th e previou s stud y an d var y freel y acros s th e thirty -

fiv e rule s i n th e tutor .  Se e Corbei t  an d Anderso n 

(1992 )  fo r  complet e detail s o n estimatin g learnin g 

probabilitie s an d performanc e accuracy . 

R e s u l t s 

Students completed an average of 23 remedial 

exercise s i n additio n t o th e 4 0 require d exercise s i n 

workin g throug h th e curriculum .  Th e numbe r  o f 

remedia l  exercise s range d fro m 1  t o 49 .  Th e revised 

cognitiv e mode l  an d paramete r  estimate s improve d th e 

fit  o f  th e studen t  mode l  t o th e tuto r  accurac y data .  A 

correlatio n o f  0.7 1 wa s obtaine d betwee n empirica l 

an d predicte d value s acros s th e 20 3 goal s i n th e 

require d exercises .  However ,  a  moderat e correlatio n 

persiste d betwee n numbe r  o f  tuto r  exercise s require d 

t o reac h criterio n an d posttes t  performance ,  r  =  -0.44 . 

We agai n refi t  th e dat a afte r  th e fact ,  an d th e bes t 

fitting  paramete r  estimate s yielde d a  bette r  fit  t o th e 

tuto r  data ,  r  =  0.90 .  Th e final  learnin g probabilitie s 

i n thi s fit  ar e stil l  tightl y distribute d an d d o no t 

correlat e reliably  wit h posttes t  performance . 

Ther e ar e a  variet y o f  reason s tha t  th e posttes t 

performanc e m a y correlat e wit h numbe r  o f  error s 

require d t o reac h criterio n i n th e tutor .  First ,  th e qui z 

involve s transfe r  t o a  differen t  codin g environment . 

We migh t  expec t  suc h transfe r  t o correlat e wit h th e 

amount  o f  practic e require d t o reac h criterio n i n th e 

tutor .  Second ,  student s m a y b e preparin g 

differentiall y  fo r  th e posttest .  sinc e th e assessmen t 

draw s o n dat a fro m a  course .  Again ,  stud y habit s 

m ay correlat e wit h learnin g rat e i n th e tutor .  A s a 

result,  som e correlatio n o f  numbe r  o f  tuto r  exercise s 

and posttes t  performanc e migh t  b e expecte d eve n i f 

th e studen t  mode l  i s essentiall y  valid .  Nevertheless , 

we pla n t o explor e alternative s tha t  d o reflect  o n th e 

validit y o f  th e studen t  model :  individua l  difference s i n 

paramete r  estimate s an d th e natur e o f  cognitiv e rules . 

Individual Differences in Parameter 

Estimates .  Whil e th e fou r  paramete r  estimate s 

var y acros s productions ,  the y ar e hel d constan t  acros s 

subjects .  Consequently ,  w e m a y b e underestimatin g 

th e learnin g probabilitie s fo r  student s w h o ar e 

performin g wel l  an d overestimatin g fo r  student s 

makin g mor e errors .  A s a  result ,  student s w h o ar e 

doin g fe w remedial  exercise s woul d nevertheles s ten d 

t o b e overleamin g whil e student s doin g man y 

remedial  exercise s woul d ten d t o b e underleaming . 

Thi s patter n woul d resul t  i n a  negativ e correlatio n o f 

posttes t  performanc e wit h th e numbe r  o f  error s i n 

reachin g criterio n i n th e tutor .  T o asses s th e 

magnitud e o f  individua l  differences ,  w e divide d th e 

student s int o tw o group s base d o n posttes t  accurac y 

and generate d bes t  fitting  parameto -  estimate s fo r  thei r 

tuto r  performance .  Th e averag e estimate s fo r  th e tw o 
learnin g parameters ,  P q an d P j .  fo r  twelv e [Mxxluctio n 

rul e categorie s ar e displaye d i n Tabl e 3 .  A s ca n b e 

seen ,  th e mea n estimate s fo r  th e tw o parameter s ar e 

roughl y 3 0 % an d 1 0 % highe r  respectively ,  fo r 

student s w h o performe d wel l  o n th e quiz .  Thi s 

suggest s tha t  w e m a y obtai n bette r  fits  b y 

individualizin g paramete r  estimates .  A n immediat e 

goa l  i s  t o investigat e whethe r  applyin g a n 

individualize d multiplicativ e constan t  t o th e grou p 

paramete r  estimate s improve s th e performanc e o f  th e 

model . 

Individual Differences in Cognitive 

Ru les .  A  secon d possibilit y  i s  tha t  differen t 

student s acquir e differen t  cognitiv e rules .  Whil e w e 

ca n trac k a  student' s abilit y  t o manipulat e symbol s i n 

specifi c  contexts ,  w e canno t  directl y trac k th e 

student' s understandin g o f  thos e manipulations . 

Knowledg e tracin g m a y insur e tha t  student s ar e 
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Productio n Rul e Categor y 

Extractor s -  Fla t  List s 

Constructor s -  Fla t  List s 

Litera l  Dat a Structure s 

Extractor s -  Neste d List s 

Constructor s -  Neste d List s 

Extracto r  Algorithm s 

Defiin/Functio n N a m e 

Variable s 

Extracto r  Algcaithm s Functio n Bod y 

Extracto r  Algorithm s Nove l  Contexts 

Constructo r  Functio n Bod y 

Intofac e 

Mean 

Test 

PO 

0.7 8 

0.7 3 

0.4 5 

0.8 7 

0.6 8 

0.6 9 

0.9 6 

0.3 2 

0.5 8 

0.6 3 

0.3 1 

0.5 6 

0.6 3 

Hig h 

Accurac y 

pt 

1.0 0 

0.73 * 

0.4 8 

1.0 0 

0.3 7 

0.5 8 

0.00 * 

0.5 3 

0.1 0 

0.3 1 

0.3 5 

0.9 1 

0.5 3 

•On e rul e i n thi s se t  i s 

pO =  1  fo r  tha t  rule ,  s o 

L o w 

Test  Accurac y 

PO 

0.6 8 

0.7 6 

0.0 6 

0.6 8 

0.3 5 

0.7 0 

0.9 3 

0.2 4 

0.7 0 

0.2 5 

0.0 3 

0.5 1 

0.4 9 

PT 

0.9 7 

0.93 * 

0.7 2 

0.6 9 

0.3 7 

0.2 8 

0.00 * 

0.4 0 

0.2 4 

0.0 9 

0.2 2 

0.8 1 

0.4 8 

exclude d i n computin g pT . 

p T i s inestimabl e 

Tabl e 3 .  Bes t  fittin g estimate s fo r  P q (th e probabilit y  a  productio n i s i n learne d stat e initially )  an d P j 

(th e probabilit y  o f  a  transitio n t o th e learne d state )  fo r  twelv e productio n rul e categorie s 

learnin g rule s tha t  enabl e the m t o complet e exercises , 

but  the y m a y no t  b e th e rule s assume d i n th e idea l 

studen t  model .  Fo r  example ,  on e o f  th e earlies t 

stumblin g block s i n learnin g Lis p i s understandin g 
th e hierarchica l  structur e o f  lists .  I n sectio n 1 , 

however ,  student s ar e introduce d t o extract s function s 

and constructo r  function s wit h flat ,  non-hierarchica l 

lists .  A s a  result ,  student s ca n appl y everyda y 
knowledg e o f  list s t o lear n th e exu-acto r  function s 

withou t  full y  graspin g th e structur e o f  lists . 

Constructo r  function s ar e a  secon d stumblin g bloc k 

i n learnin g Lisp .  T o maste r  constructors ,  student s 

must  understan d th e structur e o f  list s an d gras p th e 

relationshi p betwee n th e argument s t o th e constructo r 

functio n an d structur e o f  th e resultin g lis t  However . 

when constructo r  function s ar e introduce d i n th e tuto r 

curriculu m wit h fla t  lists ,  student s ca n lear n rule s 
base d o n th e structur e o f  th e argument s alon e tha t  d o 
not  generaliz e t o late r  sections . 

Th e paramete r  estimate s i n Tabl e 3  sugges t  tha t 

thi s m a y b e happening .  Th e tw o learnin g paramet» -

estimate s ar e quit e simila r  acros s th e tw o group s fo r 

th e extracto r  functio n rule s i n sectio n 1  an d th e 

constructo r  function s i n sectio n 2 .  However ,  whe n 

thes e function s ar e employe d wit h mor e comple x dat a 

structure s an d i n mor e comple x algorithm s i n late r 
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section s (row s 4 ,  5 ,  1 0 an d 1 1 o f  Tabl e 3 )  th e 

learnin g paramete r  estimate s ar e generall y highe r  fo r 

th e hig h posttes t  accurac y group .  Student s rea d tex t 

at  th e beginnin g o f  eac h section ,  s o thes e paramete r 

estimate s m a y partl y reflec t  differentia l  initia l 

comprehensio n o f  eac h section .  However ,  suc h 

difference s woul d b e expecte d i f  som e student s ar e 

learnin g rule s tha t  generaliz e mor e readil y t o late r 

contexts . 

A fina l  resul t  i s  als o consisten t  wit h thi s 

possibility .  W e generate d bes t  fittin g paramete r 

estimate s fo r  jus t  th e require d exercise s tha t  ever y 

studen t  complete s a t  th e beginnin g o f  a  section . 

Thes e estimate s fi t  th e require d exercis e dat a quit e 

well ,  r  =  0.91 .  W e employe d thes e paramete r 

estimate s t o generat e productio n learnin g probabilitie s 

on th e basi s o f  jus t  th e require d exercises ,  a s i f 

student s ha d no t  complete d th e remedia l  exercises . 

Th e mea n probabilit y  estimate s obtaine d fro m th e 

require d exercise s correlate d reliabl y wit h posttes t 

accuracy ,  r  =  0.43 .  Thi s patter n woul d b e expecte d i f 

th e numbe r  o f  opportunitie s require d t o maste r  a  rul e 

i s inversel y relate d t o th e probabilit y  o f  acquirin g a n 

optima l  understanding .  S o m e suboptima l  rule s ma y 

capitaliz e o n accidenta l  characteristic s o f  th e tuto r 

environmen t  tha t  d o no t  transfe r  t o th e posttes t 

environmen t  Othe r  suboptima l  rule s ma y transfe r 

i n principle ,  bu t  m a y i n fac t  b e retaine d les s well . 

We migh t  b e abl e t o mode l  thi s possibilit y b y 
decreasin g th e transitio n probabilit y  P r  wit h practice . 

However ,  i t  als o suggest s tha t  student s ma y benefi t 

fix) m explanator y feedbac k i n th e contex t  o f  correc t 

action s a s wel l  a s i n th e contex t  o f  errors . 

C o n c l u s i o n 

On balance, the tutor's knowledge tracing procedure 

performe d fairl y wel l  i n thi s assessment .  Th e mode l 

accounte d fo r  abou t  S 0 % o f  th e varianc e i n students ' 

performanc e wit h th e tutor ,  an d abou t  8 0 % whe n bes t 

fittin g paramete r  estimate s wer e derived .  O n th e othe r 

hand ,  students '  learnin g rate  (th e numbe r  o f  error s 

student s mad e i n satisfyin g th e model' s master y 

criterion )  correlate d negativel y wit h posttes t 

performance .  Whil e th e student' s fina l  knowledg e 

stat e shoul d predic t  posttes t  perfcMmance ,  learnin g rate 

i n reachin g tha t  stat e shoul d not .  W e pla n t o explor e 

possibilitie s fo r  accomodatin g individua l  difference s 

i n learnin g rate s b y adjustin g th e model' s learnin g 

parameter s an d th e underlyin g cognitiv e rul e se L 

Th e correlatio n o f  tuto r  learnin g rat e an d posttes t 

performanc e i n thi s stud y m a y als o reflec t  th e fac t 

tha t  th e tuto r  allow s student s t o practic e on e 

programmin g skill ,  cod e generation ,  whil e th e 

posttes t  environmen t  allow s th e student s t o exercis e 

othe r  skills ,  e.g. ,  debugging .  I t  shoul d b e possibl e t o 

generaliz e th e knowledg e tracin g mechanis m t o othe r 

skills ,  however .  Knowledg e tracin g doe s no t  depen d 

on a  uniqu e solutio n pat h fo r  eac h exercise ,  no r  o n 

immediat e feedback ,  althoug h thes e characteristic s 

simplif y th e task .  Rather ,  wha t  i s  require d i s a 

cogntiv e mode l  o f  th e tas k consistin g o f  rule s tha t 

m ap ont o observabl e behavior .  A s a  resul t  i t  shoul d 

be possibl e t o trac e debuggin g an d othe r  skills . 
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