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Abstrac t 

In earlier work, we presented results from an empirical 
stud y tha t  examine d subjects '  learnin g an d browsin g 
strategie s a s the y explaine d instructiona l  material s t o 
themselve s tha t  wer e containe d i n a  hypertext-base d in -
structiona l  environment .  W e develope d a  Soa r  mode l 
that ,  throug h paramete r  manipulation ,  simulate d th e 
strategie s o f  eac h individua l  subjec t  i n th e study .  I n 
thi s paper ,  w e explor e th e parameter s o f  thes e simula -
tion s an d contribut e severa l  ne w results .  First ,  w e sho w 
tha t  a  relativel y smal l  proportio n o f  strategie s capture d 
a larg e percentag e o f  subjects '  interactio n behaviors , 
suggestin g tha t  subjects '  approac h t o th e learnin g tas k 
share d som e underlyin g strategi c commonalities .  Sec -
ond ,  w e sho w tha t  lowe r  performin g subject s employe d 
a hig h proportio n o f  workin g memor y intensiv e strate -
gies ,  whic h ma y hav e partiall y  accounte d fo r  thei r  in -
ferio r  performance .  Third ,  cluster s o f  subject s identi -
fie d throug h parameter s analyse s continue d t o exhibi t 
simila r  behavior s durin g subsequen t  proble m solving , 
suggestin g tha t  th e cluster s corresponde d t o genuin e 
strateg y classes .  Furthermore ,  thes e cluster s appeju-e d 
t o represen t  genera l  learnin g an d browsin g strategie s 
tha t  were ,  i n som e sense ,  adaptiv e t o th e task . 

Introduction 

Possessin g a  diverse ,  flexibl e se t  o f  proble m solvin g 
strategie s i s a  well-recognize d hallmar k o f  a n effec -
tiv e proble m solver .  Clearly ,  a  perso n w h o ca n avai l 
him/hersel f  t o mor e tha n on e proble m solvin g strateg y 
ha s mor e potentia l  powe r  tha n someon e possessin g onl y 
on e method .  T h e sam e kin d o f  argumen t  applie s t o 
learning :  A  learne r  wit h a  repertoir e o f  learnin g strate -
gie s -  an d w h o ca n effectivel y selec t  an d appl y the m -
shoul d bette r  profi t  durin g learnin g situations . 

Identifyin g an d understandin g th e variou s strategie s 
tha t  ar e draw n upo n durin g learnin g task s i s  receiv -
in g increase d attentio n i n bot h artificia l  intelligenc e an d 
cognitiv e science .  Fo r  example ,  i n AI ,  recen t  researc h 
ha s focusse d o n buildin g multi-strateg y learnin g sys -
tem s (e.g .  R a m &  Cox ,  1992) .  Example s i n cogni -

*Thi s wor k wa s conducte d whil e th e autho r  wa s a t  th e 
Universit y o f  California ,  Berkeley ,  an d wa s supporte d b y 
N SF unde r  contrac t  IRI-900123 3 t o Pete r  Piroll i  an d b y a 
Universit y o f  Californi a Regents '  Dissertatio n Fellowship . 

tiv e scienc e includ e studie s tha t  hav e focusse d o n un -
derstandin g th e strategie s tha t  learner s brin g t o bea r 
whil e explainin g instructiona l  material s t o themselves , 
i n a  learnin g strateg y calle d self-explanation .  Prio r  re -
searc h ha s foun d considerabl e individua l  difference s i n 
learners '  self-explanatio n strategies ,  an d thes e appea r  t o 
significantl y affec t  thei r  initia l  understandin g an d thei r 
subsequen t  proble m solvin g performanc e (Chi ,  Bassok , 
Lewis ,  Reimauin ,  k .  Glaser ,  1989 ;  Piroll i  k  Recker ,  i n 
press) . 

I n earlie r  work ,  Recke r  k  Piroll i  (i n press )  presente d 
a computationa l  mode l  tha t  capture d individua l  dif -
ference s i n learners '  self-explanatio n strategies .  Th e 
model ,  calle d S U R F ,  wa s base d o n result s fro m a  stud y 
i n whic h computer-base d instructiona l  situation s wer e 
manipulate d i n orde r  t o measur e thei r  effect s o n learn -
ers '  self-explanatio n strategies .  T h e modellin g approac h 
involve d couplin g simulation s o f  subjects '  interfac e in -
teraction s strategie s wit h opportunitie s fo r  actio n sup -
porte d b y th e interface s o f  th e instructiona l  environ -
ments .  B y settin g parameter s i n th e model ,  i t  wa s fi t 
t o th e learnin g behavior s o f  individua l  subjects .  Specifi -
cally ,  fo r  eac h subject ,  th e correspondin g simulatio n wa s 
require d t o perform ,  i n exactl y th e sam e tempora l  order , 
th e subject' s mous e action s an d self-explanations . 

I n thi s paper ,  w e presen t  analyse s o f  th e parameter s 
use d b y th e mode l  t o fi t  individua l  subjec t  data .  A s w e 
wil l  discuss ,  thes e parameter s ca n b e see n a s represent -
in g th e subjects '  learnin g strategie s a s the y interacte d 
wit h th e computer-base d instructiona l  systems .  I n th e 
nex t  sectio n o f  th e paper ,  w e describ e th e S U R F mode l 
an d revie w th e empirica l  result s tha t  provide d it s moti -
vation .  W e the n presen t  analyse s o f  th e mode l  parame -
ter s tha t  wer e use d t o fi t  subjec t  data . 

The SURF Model 

Empirical Motivation 

We recentl y conducte d a  stud y i n whic h th e structur e 
of  instructiona l  material s wa s manipulate d i n orde r  t o 
examin e effect s o n learners '  self-explanation s strategie s 
(Recke r  k  Pirolli ,  i n press) .  I n thi s study ,  1 6 subject s 
went  throug h fiv e lesson s o n programmin g i n Lisp .  Eac h 
lesso n ha d tw o parts :  studyin g instructiona l  materia l 
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(learning) ,  followe d b y programmin g (proble m solving) , 
usin g a n intelligen t  tutorin g syste m fo r  Lisp ,  th e Lis p 
Tuto r  (Anderson ,  Boyle ,  Corbett ;  &  Lewis ,  1990) .  Fo r 
th e targe t  lesson ,  th e lesso n o n recursion ,  tw o set s o f 
computer-base d instruction s wer e developed .  Subject s 
wer e randoml y assigne d t o on e o f  th e tw o environment s 
t o lear n abou t  th e concept s o f  recursio n prio r  t o pro -
grammin g recursio n wit h th e Lis p Tutor .  Th e first  en -
vironmen t  wa s embedde d i n a  hypertex t  system ,  whic h 
allowe d subject s t o brows e th e materia l  i n a  non-linea r 
way.  I n addition ,  th e instruction s wer e annotate d wit h 
explanator y elaboration s tha t  subject s coul d choos e t o 
vie w i f  the y wer e unabl e t o generat e thei r  ow n self -
explanations .  Subject s wh o wer e abl e t o generat e thei r 
own self-explanation s coul d choos e t o ignor e thes e addi -
tiona l  textua l  elaborations .  A  second ,  contro l  instruc -
tiona l  environmen t  wa s als o implemented ,  whic h mir -
rore d mor e standard ,  linearl y structure d instruction . 
Subject s navigate d throug h bot h environment s b y click -
in g o n buttons .  Thes e mous e action s provide d addi -
tiona l  dat a o n subjects '  strategie s fo r  learnin g fro m in -
struction . 

When w e contraste d subjects '  performanc e whil e pro -
grammin g wit h th e Tutor ,  w e di d no t  find  an y signifi -
can t  difference s i n outcom e betwee n subject s usin g th e 
hypertext-base d instructiona l  syste m an d thos e i n th e 
control .  However ,  w e di d find a  significan t  aptitude -
treatmen t  interaction .  Post-ho c analyse s showe d tha t 
th e higher-abilit y  subject s (thos e tha t  performe d wel l 
i n th e pre-interventio n lessons )  i n th e hypertex t  condi -
tio n mad e significantl y les s error s whil e programmin g 
tha n th e low-abiht y subjects .  Subject s i n th e contro l 
conditio n di d no t  sho w significan t  ability-base d differ -
ences . 

Model Overview 

Dat a fro m th e empirica l  stud y forme d th e motivatio n 
fo r  a  computationa l  model ,  calle d S U R F (Strategie s fo r 
Understandin g Recursiv e Functions) .  S U R F wa s im -
plemente d withi n th e Soa r  architectur e (Laird ,  Rosen -
bloom ,  k  Newell ,  1987) .  Soa r  i s a  productio n syste m 
architectur e i n whic h proble m solvin g i s carrie d ou t  b y 
searc h throug h proble m spac e i n orde r  t o achiev e par -
ticula r  goals .  Soa r  als o include s a n experience-base d 
learnin g mechanism ,  calle d chunking ,  whic h summarize s 
proble m solvin g experience s int o a  mor e efficien t  form . 

I n th e interes t  o f  space ,  w e ca n onl y presen t  a n 
overvie w o f  th e S U R F model .  I n addition ,  sinc e w e 
wil l  onl y discus s th e simulation s o f  th e eigh t  subject s i n 
th e hypertex t  condition ,  th e mode l  o f  th e contro l  con -
ditio n wil l  no t  b e presented .  Mor e detail s ca n b e foun d 
elsewher e (Recke r  &  Pirolli ,  i n press) . 

The primar y goa l  o f  th e S U R F mode l  wa s t o mode l 
th e learnin g behavio r  o f  individua l  subject s i n term s 
of  tw o criteria .  Th e first  criterio n require d tha t  ever y 
mouse clickin g actio n b y al l  subject s b e simulate d i n th e 
exac t  orde r  tha t  i t  occurred .  Thi s forme d th e fine  mod -
ellin g criterion .  Subjects '  self-explanation s forme d th e 
secondary ,  coars e modellin g criterion .  Thi s mean t  tha t 

subjects '  self-explanation s wer e modelle d a t  a  roug h 
level ,  i n th e sens e tha t  thei r  exac t  natura l  languag e 
statement s wer e no t  simulated .  Mor e specifically ,  a t 
eac h scree n i n th e instructiona l  environments ,  a  sub -
jec t  coul d attemp t  t o self-explai n th e instruction .  T h e 
subjects '  verba l  protocol s wer e consulte d t o determin e 
when domain-relate d self-explanation s wer e exhibited . 
At  eac h o f  thes e instances ,  th e correspondin g simulatio n 
woul d appl y wha t  wa s calle d th e comprehensio n oper -
ator .  Th e applicatio n o f  th e comprehensio n operato r 
resulte d i n th e creatio n o f  chunks ,  representin g newl y 
acquire d knowledge .  Thus ,  th e S U R F model ,  thoug h 
not  ye t  a  complet e model ,  focusse d o n exactl y capturin g 
th e tempora l  sequenc e o f  subjects '  interfac e interaction s 
and domain-relate d self-explanations . 

I n th e S U R F model ,  subject-environmen t  interaction s 
ar e modelled  a s thre e components :  (1 )  a  simulatio n o f 
th e instructiona l  interface ,  (2 )  a  mode l  o f  th e spac e o f 
possibl e interactions ,  an d (3 )  simulation s o f  individua l 
subjects '  interactio n strategies . 

The interfac e o f  th e instructiona l  environmen t  wa s 
a Lis p simulatio n o f  th e button s an d instruction s tha t 
wer e displaye d i n eac h scree n context .  Thes e button s 
and instructio n snippet s represente d opportunitie s fo r 
actions .  Th e las t  tw o component s wer e Soa r  simulation s 
and ar e describe d i n th e followin g sections . 

Modelling Interactions 

We hav e define d a n interactio n a s occurrin g betwee n en -
vironmenta l  feature s (th e interface )  an d subjects '  learn -
in g strategie s an d prio r  knowledg e (jointl y calle d capa ^ 
bilities) .  Takin g environmen t  an d learne r  factor s to -
gethe r  define d a  spac e o f  interactio n possibilities .  I n 
orde r  t o buil d a  mode l  o f  thi s spac e separatel y fro m th e 
influenc e o f  individua l  learners '  capabilities ,  i t  wa s im -
plemente d suc h tha t  i t  include d th e entir e spac e o f  pos -
sibilities .  I n practice ,  whe n th e mode l  o f  interaction s 
was loade d wit h a  particula r  learne r  profile ,  a  subse t  o f 
thi s spac e wa s explored . 

Learners' Capabilities 

Th e las t  componen t  o f  th e mode l  involve d simulatin g in -
dividua l  learners '  capabilities .  A  se t  o f  productio n rule s 
was create d fo r  eac h subject ,  calle d th e profile ,  whic h 
represente d eac h subject' s learnin g strategie s an d prio r 
knowledge .  Eac h subject' s profil e wa s implemente d suc h 
tha t  whe n i t  wa s loade d i n wit h th e interfac e an d in -
teractio n models ,  th e resultin g Soa r  ru n woul d fit  tha t 
subject' s behavior .  Recal l  tha t  th e fit  ha d t o mee t  tw o 
criteria :  th e fine  criterio n require d tha t  ever y mous e 
clickin g actio n ha d t o b e capture d i n th e orde r  tha t 
i t  occurre d an d th e coars e criterio n modelle d subjects ' 
self-explanation s a t  a  roug h grain-size . 

T wo kind s o f  method s existe d fo r  modellin g learners ' 
capabilities .  First ,  a  se t  o f  productio n rule s represente d 
th e learner' s prio r  knowledg e tha t  wa s use d whil e gen -
eratin g a  self-explanation .  A  secon d se t  o f  productio n 
rule s represente d ho w th e learne r  selecte d amon g pos -
sibl e availabl e action s (o r  operators) .  I n Soar ,  th e de -
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sirabilit y  o r  acceptabilit y  o f  possibl e alternative s i s de -

scribe d i n term s o f  a  fixe d languag e o f  preference s (e.g. , 
best ,  better ,  reject) .  Preferenc e knowledg e i s store d i n 
productio n rules ,  an d i s adde d durin g th e proble m solv -
in g decisio n cycle .  I n SURF,  preferenc e production s ar e 
used t o expres s th e valu e o f  availabl e operator s (e.g. , 
selectin g a  particula r  butto n i s desirable )  i n orde r  t o 
simulat e a  subject' s actio n i n th e exac t  orde r  tha t  thes e 
action s occurred .  Sinc e preferenc e production s deliber -
atel y choos e amon g availabl e operator s (an d thu s ar e 
knowledg e abou t  knowledge) ,  the y ca n b e see n a s rep -
resentin g strategi c o r  metacognitiv e knowledge . 

For  exzmnple ,  on e subjec t  alway s exhibite d a  prefer -
ence fo r  viewin g example s whe n the y wer e available . 
That  is ,  h e showe d a  consisten t  preferenc e fo r  select -
in g th e "Se e Example "  butto n ove r  al l  othe r  buttons . 
Thi s kin d o f  strateg y wa s implemente d b y th e follow -
in g preferenc e productio n rul e (show n i n pseudo-Soa r 
notation) : 

If the context involves reading instruction 
And th e instructio n i s containe d o n a  scree n 
And th e scree n contain s button s 
And a  butto n i s labelle d "Se e Ezeu&ple " 
And th e butto n ca n b e selecte d 

Then 
Thi s butto n selectio n i s th e bes t 

Another kind of preference might express the high de-
sirabilit y  o f  self-explainin g instructiona l  examples .  Thi s 
woul d translat e int o a  preferenc e fo r  selectin g th e com -
prehensio n operato r  whe n a n exampl e i s displaye d o n 
th e screen . 

Comparing subjects and simulations 

A profile for each subject was implemented according 
t o th e modellin g criteri a an d the n run .  Whe n run ,  eac h 
simulatio n woul d lear n differen t  amount s an d kind s o f 
chunks ,  representin g ne w knowledg e gaine d fro m th e in -
struction .  Presumably ,  a  simulatio n tha t  acquire d man y 
chunk s represente d goo d learnin g fro m instruction .  W e 
woul d the n expec t  tha t  th e correspondin g subjec t  woul d 
exhibi t  successfu l  proble m solvin g performanc e an d thu s 
recor d a  lo w numbe r  o f  programmin g errors .  I n fact ,  a 
Spearma n ran k orde r  correlatio n betwee n th e numbe r  o f 
chunk s create d an d th e mea n numbe r  o f  error s o n th e 
recursio n lesso n showe d a  significan t  negativ e relation -
shi p betwee n numbe r  o f  chunk s an d erro r  rate s {rh o = 
-.76 ;  p  <  .05) . 

An Ideal Strategy 

This modelling framework allowed us to run experimen-
ta l  simulations .  A  profil e wa s implemente d tha t  per -
fprme d a n "ideal "  wal k throug h th e instruction .  Thi s 
simulatio n viewe d ever y scree n o f  instructio n an d ap -
plie d th e comprehensio n operato r  i n ever y possibl e con -
text .  It s profil e containe d nin e preferenc e productio n 
rule s an d di d no t  represen t  a n actua l  subject . 

P a r a m e t e r  Ana l yse s 

Essentially, SURF is a model of when to self-explain, 
and les s a  mode l  o f  ho w t o self-explain .  Th e prefer -
ence productio n rule s containe d i n th e subjects '  pro -
files  provide d searc h contro l  knowledg e tha t  modelle d 
it s correspondin g subject' s mous e clickin g action s an d 
(roughly )  self-explanations ,  i n th e exac t  tempora l  or -
der  tha t  the y occurred .  A s such ,  th e preferenc e pro -
duction s represente d subjects '  strategi c knowledg e fo r 
explicitl y  choosin g amon g availabl e action s (i.e. ,  thei r 
learnin g strategies) .  The y ca n als o b e see n a s parame -
ter s use d t o fit  a  mode l  o f  individua l  differences .  The y 
thu s provid e a  tangibl e mean s o f  measurin g th e spac e o f 
individua l  difference s i n strateg y use .  I n thi s section ,  w e 
presen t  severa l  analyse s base d o n th e se t  o f  preferenc e 
production s containe d i n eac h subject' s profile . 

Preference Productions 

Table 1 shows the number of preference productions 
containe d i n subjects '  profile .  Th e tabl e i s sorte d i n as -
cendin g orde r  b y subjects '  mea n numbe r  o f  error s whil e 
programmin g wit h th e Lis p Tutor . 

Overall ,  14 9 preferenc e production s wer e require d t o 
simulat e th e behavior s o f  th e eigh t  subject s i n th e hy -
pertex t  learnin g condition ,  accordin g t o th e modellin g 
criteria .  A t  first  glance ,  thi s migh t  see m lik e a  larg e 
number ,  reflectin g a  rando m o r  highl y variabl e behav -
io r  o n th e par t  o f  th e subjects .  However ,  i f  w e exclud e 
preferenc e production s tha t  onl y occu r  once ,  w e ar e lef t 
wit h a  tota l  o f  2 6 preferenc e productions .  Furthermore , 
thi s cor e se t  account s fo r  a  larg e proportio n o f  th e pref -
erenc e production s containe d i n th e profiles .  A s ca n b e 
seen i n Tabl e 1 ,  th e percen t  o f  coverag e provide d b y th e 
cor e se t  o f  production s fo r  eac h o f  th e profile s i s abov e 
6 5 % fo r  al l  bu t  tw o subjects . 

The fac t  tha t  th e learnin g strategie s o f  subject s coul d 
be accounte d fo r  fairl y  wel l  wit h a  smal l  numbe r  o f  pref -
erenc e production s suggest s that ,  overall ,  subject s wer e 
approachin g th e tas k wit h a  non-rando m an d common 
underlyin g se t  o f  strategies .  Thi s resul t  i s  no t  surprisin g 
i f  w e conside r  th e fac t  tha t  learnin g fro m instructio n i s 
a well-practice d activit y fo r  students .  Th e tw o subject s 
wit h a  lo w degre e o f  coverag e wil l  b e returne d t o later . 

Working Memory Load 

We conjectured that the low-performing subjects may 
hav e bee n overwhelme d b y th e complexit y o f  th e 
hypertext-base d environment .  I n orde r  t o examin e thi s 
hypothesis ,  w e identifie d th e preferenc e production s i n 
th e cor e se t  tha t  mad e hig h working-memor y demands . 
Operationally ,  thes e wer e preferenc e production s tha t 
containe d a t  leas t  o n conditio n elemen t  tha t  consulte d 
th e stat e context .  W e assume d tha t  hig h workin g mem-
or y preferenc e rule s impose d a  hig h cognitiv e load , 
whic h ma y hav e interfere d wit h learnin g effectivenes s 
(Sweller ,  1988 )  an d henc e reflec t  a  subjec t  wit h poo r 
programmin g performance . 
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Subjec t 

Idea l 

MH74 
HL63 
CC69 
LP68 
KB70 
MW55 
WP58 
SP73 
Mean 

Prod s 
9 
7 
16 
31 
23 
13 
19 
19 
12 

15.5 5 

%Shared 

77.7 7 

71.4 2 
68.7 5 
25.8 0 
52.1 7 
84.6 1 
73.6 8 
84.2 1 
83.3 3 
6$.0 8 

7oHlg h W . M e m. 

14.2 8 

0 
18.1 6 
12.5 0 
33.3 3 
40.0 0 
57.1 4 
50.0 0 
20.0 0 
27.2 6 

Tabl e 1 :  Th e numbe r  o f  preferenc e production s pe r  pro -
file,  th e percen t  coverag e provide d b y production s i n th e 
cor e set ,  an d th e percentag e o f  workin g memor y inten -
siv e production s i n a  profile .  Th e tabl e i s sorte d i n in -
creasin g orde r  o f  subjects '  mea n numbe r  o f  error s whil e 
programmin g wit h th e Lis p Tutor . 

The preference production presented in the previous 
sectio n i s a n exampl e o f  a  productio n tha t  wa s no t  con -
sidere d workin g memor y intensiv e i n tha t  i t  di d no t  re -
fe r  t o th e stat e context .  However ,  th e followin g exam -
pl e productio n wa s considere d workin g m e m o r y inten -
sive .  Th e productio n require d tha t  th e stat e contex t 
keep trac k o f  th e instructiona l  screen s tha t  hav e bee n 
viewed . 

I I  th e contex t  involve s readin g instructio n 
And th e instructio n i s  containe d o n a  scree n 
And th e scree n ha s previousl y bee n viewe d 
And th e scree n contain s a  butto n 
And th e butto n ca n b e selecte d 
And th e butto n i s  labelle d ''Se e Example' ' 

Then 
Thi s butto n selectio n i s th e bes t 

The followin g i s anothe r  exampl e o f  a  workin g m e m-
or y intensiv e preferenc e production .  Thi s productio n 
rul e require d tha t  th e stat e contex t  kee p trac k o f  al l 
operator s tha t  hav e bee n applied . 

I f  th e contex t  involve s readin g instructio n 
And a n operato r  i s  availabl e 
And th e operato r  ha s previousl y bee n applie d 

Then 
Rejec t  th e operato r 

The las t  colum n i n Tabl e 1  show s th e percentag e 
of  preferenc e production s i n subjects '  profil e tha t  wer e 
considere d workin g m e m o r y intensive .  A s ca n b e seen , 
excep t  fo r  th e lowes t  performin g subject ,  th e percent -
age generall y increase s a s th e performanc e o f  subject s 
decreases ,  suggestin g tha t  hig h workin g m e m o r y strate -
gie s interfere d wit h learnin g effectiveness . 

Adaptive Strategies 

Maxima l  generatio n o f  self-explanation s durin g th e 
learnin g phas e i s no t  necessaril y  th e mos t  effectiv e o r  ef -
ficient  mean s fo r  achievin g understanding .  Subtl e trade -
off s exis t  th e cost s o f  elaboratin g th e instructio n an d 

th e gain s resultin g fro m knowledg e acquisitio n Thes e 
trade-off s als o probabl y interac t  wit h learners '  prio r 
knowledge .  .Moreover ,  w e ca n assum e tha t  differen t  in -
structiona l  resource s hav e differen t  gai n function s asso -
ciate d wit h the m (Pirolli ,  1993) .  Fo r  instance ,  example s 
ar e ofte n mor e instructiv e tha n plai n text ,  tha t  is ,  the y 
hav e highe r  informatio n gai n functions .  Thi s i s  a  fac t 
tha t  m a n y learner s see m t o hav e caugh t  onto :  novices ' 
preference s fo r  example s i n th e earl y phase s o f  learnin g a 
ne w domai n i s a  robus t  finding  i n th e literatur e (LeFevr e 
k Dixon ,  1986 ;  Piroll i  &  Anderson ,  1985) .  Furthermore , 
thes e gai n function s ar e negativel y acceleratin g an d thu s 
sho w diminishin g return s wit h continue d elaboration s 
(Piroll i  &  Recker ,  i n press) . 

Therefore ,  th e learne r  mus t  decid e ho w t o allocat e 
tim e an d self-explanatio n effor t  o n differen t  kind s o f 
instructiona l  resource s wit h th e goa l  o f  maximizin g 
(withi n computationa l  constraints )  understanding .  I f 
we vie w th e learne r  a s adapte d t o th e task ,  thes e kind s 
of  decision s ar e cache d ou t  i n learners '  overal l  strategi c 
approac h t o th e task^ . 

Wit h thi s simpl e mode l  i n mind ,  w e ca n identif y gen -
era l  strateg y clzisse s tha t  ar e attemptin g t o adap t  t o 
th e demand s o f  thi s learnin g task .  I n th e first  strateg y 
class ,  gain s ar e maximize d durin g understandin g b y ex -
pendin g tim e an d effor t  t o extrac t  informatio n fro m th e 
instructio n i n orde r  t o b e prepare d fo r  proble m solv -
ing .  I n th e secon d strateg y class ,  cost s ar e minimize d 
by minimizin g cognitiv e effort .  Here ,  th e structur e o f 
th e environmen t  i s use d t o sugges t  actions ,  i n a  strat -
egy w e cal l  interface-driven .  I n th e thir d strateg y class , 
cost s an d gain s ar e balanced .  Th e instructio n i s  first 
skimmed ;  the n durin g proble m solving ,  afte r  tas k goal s 
hav e becom e mor e concrete ,  th e instructio n ca n b e re -
studie d wit h thes e a s constraints .  Evidenc e fo r  th e ex -
istenc e o f  suc h strateg y classe s i s presente d i n th e nex t 
section . 

Strategy Clusters 

Th e subjects '  profile s ca n b e use d t o identif y strateg y 
cluster s a m o n g differen t  subjects .  I n orde r  t o accom -
plis h this ,  a  matri x wa s constructe d wher e th e row s o f 
th e matri x represente d subjects .  T h e column s repre -
sente d eac h o f  th e preferenc e production s containe d i n 
th e profiles .  Th e profil e fo r  th e "ideal "  simulatio n wa s 
als o include d i n thi s matrix .  Fo r  eac h preferenc e produc -
tion ,  a  "1 "  wa s entere d i n subjects '  ro w i f  thei r  profil e 
containe d tha t  production .  I f  th e productio n wa s no t  i n 
a subject' s profile ,  th e correspondin g matri x entr y wa s 
"0. "  Th e resultin g matri x wa s 9  ( 8 subject s plu s th e 
"ideal "  profile )  b y 2 6 (cor e preferenc e productions) . 

Base d o n thi s matrix ,  a  hierarchica l  cluste r  analysi s 
was performed ,  usin g th e normalize d percen t  disagree -
ment  a s th e distanc e metric .  Figur e 1  show s simila r 
profile s a s node s groupe d o n branche s tha t  begi n to -
war d th e lef t  sid e o f  th e figure.  A s th e branche s exten d 

^See (Pirolli ,  1993 )  fo r  a  discussio n o f  rationa l  analysi s 
(Anderson ,  1991 )  applie d t o sense-makin g tasks . 
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Figur e I :  Hierarchica l  cluste r  analysi s o f  subjects '  profiles . 

t o th e right ,  towar d th e origi n o f  th e tree ,  node s o n thes e 
branche s ar e increasingl y dissimilar . 

Do thes e cluster s represen t  subject s w h o shar e a n 
underlyin g c o m m o n strategy ,  an d d o the y m a p ont o 
th e previousl y identifie d strateg y classes ? T o examin e 
thes e questions ,  w e considere d subject s whos e profile s 
wer e groupe d withi n cluster s i n orde r  t o determin e i f 
the y exhibite d simila r  behavior s durin g th e program -
min g (proble m solving )  phase . 

As ca n b e see n i n Figur e 1 ,  th e cluste r  analy -
si s groupe d togethe r  th e highes t  performin g subjec t 
( M H 7 4 )  an d th e "ideal "  profile .  Becaus e th e "ideal " 
profil e wa s intende d t o represen t  maxima l  gain s dur -
in g th e learnin g phase ,  thi s cluste r  wa s assume d t o fit 
withi n th e first  strateg y class .  Accordingly ,  w e woul d 
expec t  minima l  relianc e o n th e instructio n durin g prob -
le m solving .  I n fact ,  thi s subjec t  di d no t  rel y a t  al l  o n 
th e instructio n durin g proble m solving . 

I n th e secon d strateg y class ,  cognitiv e cost s ar e min -
imized .  W e define d thi s a s learner s whos e action s wer e 
decide d o n th e basi s o f  th e feature s presen t  o n th e in -
terface ,  whic h w e dubbe d th e interface-drive n strategy . 
I n orde r  t o determin e subject s w h o m a y hav e fit  int o 
thi s category ,  w e examine d th e verba l  protocol s o f  sub -
ject s durin g th e instruction-studyin g phas e t o identif y 
thos e subject s w h o m a d e a  Izirg e numbe r  o f  elaborativ e 
statement s abou t  navigation .  Thes e kind s o f  statement s 
sugges t  tha t  a  subjec t  wa s drive n mor e b y feature s o f 
th e interface .  Tha t  is ,  th e self-explanatio n proces s wa s 
decide d o n th e basi s o f  button s availabl e o n th e screen . 

T h e verba l  protoco l  analysi s reveale d tw o subjects , 
M W 55 an d W P 5 8 ,  w h o msui e a  larg e numbe r  o f 
navigation-relate d elaborations .  Th e profile s o f  thes e 
subject s wer e als o groupe d togethe r  b y th e cluste r  anal -
ysis .  I n orde r  t o determin e i f  thes e subject s genuinel y re -
flected  th e interface-drive n strateg y class ,  w e examine d 
thei r  behavio r  durin g programmin g t o recor d th e ex -
ten t  tha t  the y relie d upo n th e Tutor' s interface .  Specifi -

cally ,  w e counte d th e numbe r  o f  time s tha t  subject s use d 
a specia l  Lis p Tuto r  m e n u featur e tha t  allowe d the m 
t o as k th e Tuto r  t o perfor m th e nex t  proble m solvin g 
step .  I n a  strikin g difference ,  th e tw o subject s define d 
as interface-drive n use d thi s featur e a  tota l  o f  1 5 times , 
whil e th e remainin g si x subject s onl y use d i t  a  tota l  o f 
3 times .  Thus ,  i t  appear s tha t  th e interface-drive n sub -
ject s continue d t o emplo y thi s strateg y durin g subse -
quen t  proble m solving ,  suggestin g tha t  i t  corresponde d 
t o a  genuin e strateg y class . 

Furthermore ,  w e not e tha t  th e profil e o f  thes e tw o 
subject s recorde d th e highes t  proportio n o f  workin g 
m e m o ry intensiv e preferenc e productions .  A t  first 
blush ,  thi s m a y see m contradictor y sinc e i t  coul d b e 
argue d tha t  i n th e interface-drive n strategy ,  th e inter -
fac e itsel f  act s a s a n externa l  memory .  I n short ,  button s 
serv e a s externa l  cue s fo r  actions ,  am d henc e shoul d min -
imiz e memor y demands .  However ,  fo r  thi s kin d o f  strat -
egy t o b e effective ,  th e externa l  environmen t  need s t o 
displa y regularities .  A s w e argue d elsewhere ,  th e inter -
fac e o f  th e hypertext-base d instructiona l  environmen t 
was somewha t  idiosyncrati c an d probabl y impose d a  sig -
nifican t  cognitiv e loa d o n it s user s (Recke r  k .  PiroUi ,  i n 
press) .  Thus ,  i n th e cas e o f  thi s hypertex t  interface ,  of -
floading  computation s ont o th e environmen t  ha d unan -
ticipate d negativ e consequences . 

Th e thir d genera l  strateg y involve d skimmin g th e in -
structio n first,  the n reviewin g th e instructio n durin g 
proble m solvin g whe n tas k goal s ar e concrete .  Th e clus -
te r  analysi s suggeste d tw o subject s tha t  fit  withi n thi s 
strateg y class ,  K B 7 0 an d SP73 .  Thes e subject s gener -
ate d th e lowes t  numbe r  o f  self-explanation s durin g th e 
learnin g phase .  A s expected ,  thes e subject s relie d heav -
il y  o n th e instructio n whil e solvin g th e first  program -
min g problem .  Furthermore ,  thei r  searc h o f  th e instruc -
tio n wa s no t  ver y directed ,  sinc e th e conten t  o f  th e in -
structio n wa s les s famiha r  t o them .  Thi s suggest s tha t 
subject s di d no t  gai n muc h knowledg e durin g th e learn -
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in g phas e an d th e difficultie s the y encountere d durin g 
th e first  proble m cause d the m t o re-stud y th e instruc -
tion . 

Finally ,  tw o subjects ,  LP6 8 an d CC69 ,  di d no t  fit 
withi n an y well-define d strateg y class .  Not e als o tha t 
th e profile s o f  thes e tw o subject s showe d th e lowes t  cov -
erag e b y th e cor e se t  o f  preferenc e productions .  Thei r 
profile s als o containe d th e highes t  numbe r  o f  preferenc e 
productions .  Inspectio n o f  thes e subjects '  protocol s re -
veale d tha t  the y mad e a  hig h numbe r  o f  monitorin g 
and strategy-relate d elaboration s an d thu s seeme d ver y 
metacognitively-drive n i n thei r  self-explanatio n strate -
gies .  A s reflecte d i n th e hig h numbe r  o f  preferenc e pro -
duction s an d lo w coverag e b y th e cor e se t  (se e Tabl e 
1) ,  suc h a  strateg y wa s no t  adequatel y accounte d fo r 
i n th e presen t  modellin g framework .  Whil e thes e sub -
ject s ma y hav e bee n employin g adaptiv e strategies ,  th e 
SURF mode l  an d paramete r  analyse s faile d t o capture s 
these . 

Discussion 

Much modellin g wor k i n cognitiv e scienc e ha s focusse d 
on constructin g on e normativ e mode l  o f  a  behavior , 
typicall y representin g a  singl e o r  a  composit e subject . 
However ,  i n thi s paper ,  w e deliberatel y concentrate d o n 
strateg y difference s betwee n subjects .  Thi s focu s al -
lowe d a n analysi s o f  th e parameter s involve d i n fitting 
a mode l  t o individua l  difference s i n strateg y use ,  an d 
t o mak e severa l  ne w contribution s towar d understand -
in g subjects '  strategie s fo r  learnin g i n a  computer-base d 
instructiona l  context . 

The analyse s presente d sugges t  that ,  overall ,  subjects ' 
approac h t o th e learnin g tas k share d som e strategi c 
commonalities .  Thi s i s no t  surprisin g whe n w e conside r 
that ,  althoug h th e technolog y i s novel ,  learnin g fro m 
instructio n i s a  familia r  activit y fo r  mos t  students . 

We showe d tha t  lowe r  performin g subject s employe d a 
hig h proportio n o f  workin g memor y intensiv e strategies . 
The us e o f  workin g memor y intensiv e strategie s perhap s 
interfere d wit h learnin g effectiveness ,  an d therefor e par -
tiall y  accounte d fo r  th e aptitude-treatmen t  interactio n 
reporte d i n th e empirica l  results . 

Finally ,  cluster s o f  subject s identifie d b y parameter s 
analysi s appeare d t o exhibi t  simila r  behavio r  type s dur -
in g subsequen t  proble m solving ,  suggestin g tha t  th e 
cluster s correspon d t o vali d strateg y classes .  W e als o 
argue d tha t  subject s withi n cluster s ma y b e attemptin g 
t o us e strategie s tha t  ar e adaptiv e t o th e overal l  tas k 
demands. 

However ,  w e not e tha t  whil e th e strategie s ma y b e 
adaptive ,  the y ar e no t  necessaril y opttma i  Instead ,  the y 
may represen t  loca l  maxim a withi n th e spac e o f  strate -
gies .  An y claim s abou t  th e optimaHt y o f  a  particula r 
approac h res t  upo n a n analysi s o f  th e gai n function s as -
sociate d wit h differen t  instructiona l  resources ,  th e pos -
sibl e interactio n o f  thes e function s wit h learners '  prio r 
knowledge ,  an d thei r  elaboratio n costs . 

Thi s approac h differ s fro m anothe r  mode l  o f  self -
explanation ,  th e Cascad e mode l  (VanLeh n k  Jones ,  i n 

press) .  Cascad e modelle d th e self-explanatio n strategie s 
and subsequen t  proble m solvin g o f  individua l  subjects ' 
i n th e physic s stud y o f  Ch i  e t  al .  (1989) .  I n th e Cascad e 
model ,  th e primar y focu s wa s o n modellin g th e con -
ten t  o f  subjects '  self-explanations .  Whil e clearl y S U R F 
needs t o bette r  incorporat e ho w t o self-explain ,  thi s pa -
per  too k som e step s t o answerin g whe n t o self-explai n 
and why . 
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