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E m p i r i c a l  A n a l y s e s o f  S e l f - E x p l a n a t i o n a n d T r a n s f e r 

in Learning to Program 

Peter Pirolli and Kate Bielaczyc 

School of Education 

Un ivers i t y o f  Cali fornia ,  B e r k e l e y 

ABSTRACT 

Building upon recent work on production system models of transfer and analysis-based 
generalizatio n techniques ,  w e presen t  analyse s o f  thre e studie s o f  learnin g t o progra m recursion . 
I n Experimen t  1 ,  a  productio n syste m mode l  wa s use d t o identif y proble m solvin g tha t  involve d 
previousl y acquire d skill s  o r  require d nove l  solutions .  A  mathematica l  mode l  base d o n thi s 
analysi s account s fo r  inter-proble m transfer .  Programmin g performanc e wa s als o affecte d b y 
particula r  example s presente d i n instruction .  Experimen t  2  examine d thes e exampl e effect s i n fine r 
detail .  Usin g a  productio n syste m analysis ,  example s wer e foun d t o affec t  th e initia l  erro r  rates , 
but  no t  th e learnin g rate s o n cognitiv e skills .  Experimen t  3  examine d relation s betwee n th e way s i n 
whic h peopl e explai n example s t o themselve s an d subsequen t  learning .  Result s sugges t  tha t  goo d 
learner s engag e i n mor e metacognition ,  generat e mor e domain-specifi c  elaboration s o f  examples , 
make connection s betwee n example s an d abstrac t  text ,  an d focu s o n th e semantic s o f  program s 
rathe r  tha n syntax . 

INTRODUCTION 

One of the classic debates in psychology has concerned the nature of the transfer of knowledge 
acros s situation s o f  potentia l  us e (fo r  a  usefu l  revie w se e Single y &  Anderson ,  1989) .  On e schoo l 
of  though t  i s typifie d b y Thomdike' s theor y o f  identica l  element s (1903) ,  whic h hold s tha t  transfe r 
i s a  functio n o f  th e stimulus-respons e element s acquire d i n on e tas k tha t  ca n b e use d i n anothe r 
task .  Anothe r  schoo l  o f  though t  i s typifie d b y Gestaltist s suc h a s Wertheime r  (1945 )  o r  Katon a 
(1940 )  wh o distinguishe d betwee n senseles s an d meaningfu l  learning .  Th e Gestaltist s di d no t 
deny tha t  transfe r  o f  th e kin d predicte d b y th e theor y o f  identica l  element s woul d occu r  i n situation s 
of  senseles s learnin g (Single y &  Anderson ,  1989) .  However ,  th e Gestaltist s argue d tha t  transfe r 
woul d b e qualitativel y differen t  an d superio r  i n situation s o f  meaningfu l  learning ,  i n whic h th e 
learne r  graspe d th e inne r  structura l  relationship s o f  th e proble m o r  tas k (Lewis ,  1988) . 

The ultimate goal of the project presented here is to develop a model of the knowledge acquisition 
and transfe r  tha t  occur s i n a  fairl y  typica l  lesso n o n programming .  Her e w e discus s studie s tha t 
sugges t  tha t  transfe r  ca n b e characterize d b y a n update d versio n o f  th e identica l  element s theory , 
but  als o tha t  learner s d o diffe r  i n way s tha t  the y com e t o understan d problem s an d thes e 
understanding s hav e a n impac t  o n learning .  W e sugges t  tha t  recen t  wor k o n productio n syste m 
model s o f  transfe r  (Single y &  Anderson ,  1989 )  an d o f  analysis-base d generalizatio n (Lewis , 
1988 )  ma y provid e th e basi s fo r  a  mode l  o f  learnin g an d transfe r  tha t  integrate s th e mai n idea s o f 
identica l  element s theor y an d o f  meaningfu l  learning . 

THE LEARNING PARADIGM 

Our studies focus on learning a lesson on programming recursive functions, which takes place in a 
longe r  sequenc e o f  instructio n o n programming .  A  typica l  programmin g lesso n involve s readin g a 
tex t  o r  listenin g t o a n instructo r  o n som e nove l  topi c an d the n workin g throug h a  se t  o f  relevan t 
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FIGURE 1 :  TH E ANALYSI S O F INSTRUCTIO N AN D IT S TRANSFER T O DOMAIN-SPECIFI C SKIL L 

exercise problems. Typically, the text or instructor will discuss some illustrative examples to 
facilitat e learning .  Figur e 1  present s a  simplifie d mode l  o f  learnin g i n a  typica l  lesson .  Th e boxe s 
i n Figur e 1  indicat e knowledg e conten t  an d arrow s indicat e processes .  I n thi s learnin g situation , 
th e learne r  activel y construct s representation s o f  text s an d example s base d o n prio r  knowledge . 
Thi s produce s a  se t  o f  exampl e encoding s an d othe r  relevan t  fact s an d principle s tha t  ar e store d a s 
declarativ e knowledg e i n th e learner' s memory .  Upo n encounterin g a  partiall y  nove l  problem ,  th e 
learne r  wil l  us e a s muc h o f  he r  existin g domain-specifi c skil l  a s possible .  A t  problem-solvin g 
impasses ,  i n whic h n o previousl y acquire d skill s  ar e appUcable ,  th e learne r  resort s t o weak-metho d 
proble m solving .  Thes e method s operat e o n th e declarativ e knowledg e acquire d fro m text s an d 
examples .  Knowledg e compilatio n mechanism s (Anderson ,  1987 )  summariz e eac h nove l 
problem-solvin g experienc e int o ne w domain-specifi c  skills . 

In previous research on the acquisition of skills for programming recursive functions (Pirolli, 
1986) ,  w e develope d productio n syste m model s o f  novic e skil l  acquisitio n i n th e G R A P ES 
productio n syste m languag e whic h emulate s th e skil l  acquisitio n component s o f  th e A C T *  theor y 
(Anderson ,  1987) .  Goal s ar e explicitl y  represente d i n G R A P ES goa l  memory .  Operator s ar e 
represente d b y productio n rule s tha t  implemen t  th e basi c action s availabl e i n programmin g (e.g. , 
writin g ou t  a  functio n name) .  Programmin g plan s ar e implemente d a s production s tha t  achiev e 
goal s activate d i n goa l  memory . 

Such production system analyses can serve as a useful starting point in the analysis of the transfer 
of  cognitiv e skill .  Single y an d Anderso n (1989 )  hav e recentl y presente d a n A C T *  theor y o f 
transfe r  tha t  i s  i n th e spiri t  o f  Thomdike' s identica l  element s theor y o f  transfer .  I n it s bare-bone s 
form ,  th e A C T *  theor y o f  transfe r  state s tha t  production s ar e th e element s o f  transfer .  Complexit y 
i s adde d t o th e A C T *  analysi s o f  transfe r  b y considerin g th e rol e o f  declarativ e knowledge .  N e w 
production s ar e compile d a s summarization s o f  th e operatio n o f  wea k methods ,  suc h a s analogy , 
ove r  declarativ e structures .  Studie s (Chi ,  Bassok ,  Lewis ,  Reiman ,  &  Glaser ,  1987 ;  Pirolli ,  1987 ) 
sugges t  tha t  th e effectivenes s o f  analog y i s relate d t o th e richnes s an d conten t  o f  th e representation s 
of  exampl e solutions . 

Recently, Chi et al. (1987) analyzed the statements made by students learning from a physics text 
as the y explaine d example s t o themselve s an d solve d a  se t  o f  physic s problems .  Subject s wer e 
divide d int o group s o f  goo d an d poo r  learner s base d o n thei r  proble m solvin g performance .  Goo d 
learner s mad e significantl y mor e elaboration s o f  presente d example s tha n poo r  student s an d 
showed greate r  evidenc e o f  monitorin g thei r  comprehension .  I n addition ,  ther e wer e qualitativ e 
difference s i n th e kind s o f  elaboration s mad e b y goo d vs .  poo r  learner s wit h goo d learner s 
showin g mor e explanation s an d justification s o f  conten t  relevan t  t o subsequen t  proble m solving . 
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Computationa l  model s tha t  addres s th e analysi s o f  example s an d subsequen t  generalizatio n t o nove l 
proble m solution s ar e calle d analysis-base d generalizatio n technique s b y Lewi s (1988) .  Thes e 
model s includ e productio n syste m model s o f  analog y (Anderso n &  Thompson ,  1986 ;  PiroUi , 
1987 )  an d explanation-base d learnin g method s (DeJon g &  Mooney ,  1986 ;  Mitchell ,  Kellar ,  & 
Kedar-Cabelli ,  1986) .  On e deficienc y i n curren t  analysis-base d generalizatio n model s i s tha t  w e 
kno w littl e abou t  th e strategie s an d knowledg e tha t  learner s us e i n constructin g an d usin g thei r 
analyse s o f  examples .  I n th e followin g studies ,  w e presen t  analy.se s o f  th e acquisitio n an d transfe r 
of  knowledg e from  instructiona l  text s an d example s t o nove l  solution s an d acros s problems .  Ou r 
analyse s buil d upo n productio n syste m model s o f  transfe r  an d model s o f  analysis-base d 
generalization . 

EXPERIMENT 1: EFFECTS OF EXAMPLES AND INTER-PROBLEM TRANSFER 

Subjects (A/ = 20) in Experiment 1 proceeded through a series of programming lessons in LISP 
centere d aroun d a n intelligen t  tutorin g syste m calle d th e LIS P Tuto r  (Reiser ,  Anderson ,  &  Farrell , 
1985) .  Fo r  eac h lesson ,  student s rea d som e tex t  introducin g som e ne w programmin g featur e o r 
techniqu e an d the n worke d throug h a  se t  o f  programmin g problem s wit h th e LIS P Tutor .  Th e 
LIS P Tuto r  instruct s usin g a  mode l  tracin g methodolog y whic h involve s comparin g a  student' s 
programmin g behavio r  t o th e behavio r  o f  th e LIS P Tutor' s interna l  idea l  an d bugg y models .  A n 
idea l  mode l  i s  a  productio n syste m mode l  o f  th e programmin g skil l  t o b e acquire d b y subjects .  A 
bugg y mode l  i s  a  representatio n o f  commo n misconception s an d mistake s mad e b y subjects . 

Subjects were divided into groups that received a text on recursion that included either (a) an 
exampl e progra m tha t  worke d wit h lis t  input s (lis t  recursio n example) ,  o r  (b )  a n exampl e progra m 
tha t  worke d wit h intege r  input s (numbe r  recursio n example) .  Afte r  readin g thei r  text s o n 
recursion ,  subject s solve d 1 0 recursio n programmin g problem s usin g th e LIS P Tutor .  Fiv e o f 
thes e problem s worke d wit h lis t  input s (lis t  problems) ,  an d th e othe r  fiv e worke d wit h intege r 
input s (numbe r  problems) .  Subject s wer e als o divide d int o group s tha t  receive d either :  (a )  a 
blocke d sequenc e o f  problems ,  i n whic h fou r  numbe r  recursio n problem s wer e followe d b y fou r 
lis t  recursio n problems ,  wit h tw o fina l  problems ,  o r  (b )  a n intermixe d sequence ,  i n whic h fou r 
number  recursio n problem s occurre d a s proble m trial s 1 ,  3 ,  5 ,  an d 7 ,  an d fou r  lis t  recursio n 
problem s occurre d a s proble m trial s 2 ,  4 ,  6 ,  an d 8  (wit h th e sam e fma l  problem s a s th e blocke d 
sequence) .  Fo r  al l  subjects ,  th e orderin g o f  numbe r  recursio n problem s an d lis t  recursio n 
problem s wa s th e sam e (althoug h th e tw o kind s o f  problem s ma y o r  ma y no t  b e intermixed) . 

inter-Problem Transfer 

Figures 2 and 3 present the mean number of errors per problem across problem trials for the 
intermixe d an d blocke d sequences .  A n A N O V A o f  Sequenc e b y Exampl e b y Proble m Tria l  carrie d 
out  o n th e error s pe r  proble m dat a reveale d a  mai n effec t  o f  Proble m Trial ,  F(9 ,  144 )  =  5.74 ,  p  < 
.0001 ,  bu t  n o mai n effec t  o f  Sequence ,  indicatin g tha t  th e tw o kind s o f  sequenc e di d no t  produc e 
substantiall y  differen t  performanc e overall .  However ,  a s suggeste d b y Figure s 2  an d 3 ,  ther e wa s 
a significan t  Sequenc e b y Proble m Tria l  interaction ,  F(9 ,  144 )  =  84.38 ,  p  <  .0001 ,  indicatin g tha t 
performanc e acros s proble m trial s wa s radicall y differen t  fo r  th e tw o proble m sequences . 

According to the ACT* model of transfer of cognitive skill, the data in Figures 2 and 3 should be 
capture d b y a  productio n syste m analysi s tha t  take s int o accoun t  th e individua l  production s use d t o 
solv e a  problem ,  thei r  strengt h fro m prio r  practice ,  an d th e learnin g o f  ne w production s a t  th e 
appropriat e opportunities .  W e performe d a  simplifie d versio n o f  thi s analysi s i n whic h productio n 
strengt h wa s ignored ,  an d al l  production s wer e treate d a s equal s (i.e. ,  w e ignore d variation s i n 
learnin g difficultie s an d error s rate s acros s differen t  productions) .  I n thi s simplifie d model ,  error s 
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on proble m trial ,  t ,  ar e a  linea r  function ,  E(t )  o f  th e numbe r  o f  previousl y acquire d productions , 
Pold(t) ,  tha t  appl y i n a  proble m solutio n o n tria l  t ,  an d th e numbe r  o f  nove l  proble m solvin g steps , 

Pnew(Oj  fo r  whic h ne w production s wil l  b e acquired .  Fol d an d Pne w wer e estimate d b y 

examinin g th e production s use d b y th e LIS P Tutor' s idea l  model s fo r  th e minima l  progra m 
solution s acros s a  sequenc e o f  problems .  Regressio n o f  thi s linea r  mode l  t o th e dat a i n Figure s 2 
and 3  yields : 

E(t )  =  .5 6 Pnew(t )  +.lAPold(t ) (1 ) 

wit h R  =.51 .  Thu s a  substantia l  proportio n o f  th e varianc e i n Figure s 2  an d 3  ca n b e capture d b y 

a simpl e characterizatio n o f  th e opportunitie s fo r  th e applicatio n o f  previousl y acquire d production s 

and th e place s wher e ne w production s wil l  nee d t o b e acquired . 

Effects of Examples 

Figure 4 presents mean errors per problem on list and number recursion problems broken down by 

th e typ e o f  exampl e availabl e durin g instruction .  Performanc e o n problem s simila r  t o th e availabl e 

exampl e i s superio r  t o performanc e o n problem s differen t  fro m th e example ,  an d th e interactio n i n 

Figur e 4  i s significant ,  r(144 )  =  2.00 ,  p  <  .05 . 
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Anothe r  measur e o f  th e impac t  o f  example s ca n b e attaine d b y examinin g a  particula r  skil l  tha t  i s 
especiall y importan t  i n th e tas k o f  programmin g recursiv e functions .  Thi s i s th e skil l  oiplannin g 
th e recursiv e case s o f  a  recursiv e function .  Thi s skil l  involve s characterizin g ho w a  functio n wil l 
make a  recursiv e cal l  t o itsel f  an d us e th e resul t  o f  tha t  cal l  t o for m a n output .  Figur e 5  present s th e 
LIS P Tutor' s diagnosi s o f  whethe r  o r  no t  subject s ha d determine d a  correc t  pla n fo r  recursiv e 
cases .  Th e dat a i n Figur e 5  concer n th e firs t  lis t  o r  numbe r  proble m encountere d b y subject s an d 
ar e broke n dow n b y th e kin d o f  exampl e presente d i n instruction .  Again ,  subject s mak e mor e 
error s o n problem s tha t  ar e differen t  fro m th e presente d example .  O n lis t  problem s th e effec t  i s 
significant ,  Fishe r  p  =  .02 ,  bu t  o n numbe r  problem s i t  i s  onl y marginal ,  Fishe r  p  =  .18 . 

Summary 

The results of Experiment 1 indicate that a production system analyses of the transfer of skill 
acros s problem s capture s a  substantia l  amoun t  o f  th e performanc e effect s a s subject s progres s 
throug h a  sequenc e o f  problems .  Interestingly ,  ther e wa s n o effec t  o f  difference s i n proble m 
sequencin g a s i s predicte d b y a  productio n syste m mode l  o f  transfer .  Th e example s use d i n 
Experimen t  1  ha d clea r  effect s o n bot h genera l  performanc e o n problem s an d o n specifi c  skills , 
agai n i n lin e wit h th e genera l  ide a tha t  knowledg e i s ver y tie d t o specifi c  situations .  I n Experimen t 
2,  w e examin e th e impac t  o f  example s o n th e acquisitio n o f  domain-specifi c skill s  i n furthe r  detail . 

EXPERIMENT 2: A PRODUCTION SYSTEM ANALYSIS OF EXAMPLE EFFECTS 

Subjects in Experiment 2 learned to program recursion in a simplified version of LISP without the 
ai d o f  th e LIS P Tutor .  I n th e targe t  lesso n o n recursion ,  1 9 subject s wer e presente d wit h a  tex t 
introducin g recursion ,  an d a n exampl e progra m wa s availabl e on-lin e o n thei r  compute r  terminals . 
A se t  o f  1 6 recursio n problem s an d associate d progra m solution s wer e create d fo r  Experimen t  2 . 
Subject s receive d fou r  o f  thes e problem s i n a  trainin g phase ,  i n whic h the y receive d feedbac k fo r 
errors .  Th e selectio n o f  example s an d trainin g problem s wa s counterbalance d acros s subjects . 

Example Effects 

A production system model was developed in GRAPES that was capable of coding all 16 recursive 
function s use d i n Experimen t  2 .  O f  th e 1 9 production s i n thi s model ,  1 6 yiel d som e identifiabl e 
portio n o f  code .  Eac h attemp t  a t  codin g a  trainin g progra m b y eac h subjec t  wa s score d fo r  error s 
on th e cod e associate d wit h thes e 1 6 productions .  Further ,  w e identifie d th e production s tha t 
woul d b e use d b y ou r  G R A P ES mode l  t o cod e th e exampl e presente d t o eac h subject .  O n trainin g 
problems ,  w e expecte d subject s t o sho w bette r  performanc e o n thes e analogou s production s tha n 
on nonanalogou s production s tha t  ar e no t  use d b y ou r  mode l  i n codin g th e exampl e solution .  Thi s 
expectatio n i s base d o n th e assumptio n tha t  subject s woul d hav e a  bette r  chanc e o f  inferrin g an d 
usin g declarativ e knowledg e fro m th e exampl e i n situation s involvin g analogou s production s tha n 
i n situation s involvin g nonanalogou s productions . 

Figure 6 presents percent error data for analogous and nonanalogous productions over the fu-st six 
opportunitie s fo r  codin g a n actio n associate d wit h a  productio n i n th e trainin g phase .  Th e practic e 
curve s fo r  bot h kind s o f  production s sho w th e usua l  powe r  la w effects .  Powe r  function s o f  th e 
for m 

P(t) = at-^ (2) 

are fit to the data in Figure 6, where P(t} is the probability of error on trial r, a is the error rate on 
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the first trial, and bis a. rate parameter. For the analogous productions, a = .23 and b = .80, with r 
= .  93 .  Fo r  th e nonanalogou s productions ,  a  =  .55 ,  b  =  .73 ,  wit h r  =  .97 .  Thus ,  th e majo r 
difference ,  a s indicate d b y difference s i n a ,  i s  i n th e erro r  rate s o n th e initia l  trial s o f  analogou s an d 
nonanalogou s productions .  Give n tha t  th e rat e parameters ,  b ,  ar e relativel y clos e fo r  th e tw o kind s 
of  productions ,  i t  appear s tha t  th e availabl e exampl e largel y act s a s i f  i t  wer e severa l  trial s o f 
practic e fo r  th e analogou s productions .  Thus ,  th e result s o f  Experimen t  2  sho w tha t  example s 
hav e a  substantia l  effec t  o n th e firs t  opportunit y fo r  acquirin g a  productio n bu t  littl e o r  n o 
interactio n wit h subsequen t  improvemen t  du e t o practice . 

EXPERIMENT 3: EFFECTS OF SELF-EXPLANATION OF EXAMPLES 

The model outlined in Figure 1 suggests that the manner in which subjects analyze examples will 
hav e a n impac t  o n subsequen t  acquisitio n o f  skill .  Experimen t  3  wa s partl y modelle d afte r  th e 
researc h o f  Ch i  e t  al .  (1987) .  Subject s i n Experimen t  3  (A ^  =  12 )  leame d t o progra m recursiv e 
function s i n LIS P usin g th e LIS P Tutor .  Whil e subject s wer e readin g throug h thei r  text-base d 
instructio n o n recursion ,  w e aske d subject s t o thin k ou t  loud ,  an d further ,  w e aske d subject s t o 
explai n al l  example s t o themselves . 

Self-explanations 

Our first pass in analysis has focused on correlations between the number and kinds of self-
explanation s mad e whil e processin g th e tex t  instructio n (includin g examples )  an d subsequen t 
performanc e i n proble m solvin g wit h th e LIS P Tutor .  Base d o n th e mea n erro r  rate s pe r  proble m 
usin g th e LIS P Tutor ,  w e performe d a  media n split ,  dividin g subject s int o group s o f  goo d an d 
poor  learners .  Verba l  protocol s collecte d whil e subject s rea d text s an d example s wer e segmente d 
int o individua l  statements .  Tabl e 1  present s a  summar y o f  th e mea n numbe r  o f  elaboration s 
produce d b y goo d an d poo r  subject s a s the y worke d throug h thei r  examples .  Th e elaboration s i n 
Tabl e 1  ar e divide d int o differen t  kinds .  A  monitorin g elaboratio n refer s t o statement s abou t  th e 
subjects '  strategie s o r  stat e o f  knowledge .  Activit y elaboration s ar e comment s abou t  th e instructio n 
or  th e task .  Domai n elaboration s concer n statement s abou t  programmin g an d recursion .  Th e othe r 
categor y refer s t o incomplet e phrases .  Goo d subject s ar e superio r  t o poo r  i n al l  bu t  th e "other " 
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TABLE 1 
ELABORATIONS O F EXAMPLES M A DE B Y G O OD A N D POOR LEARNERS 

E L A B O R A T I O NS 

S U B J E C TS Monitorin g Activit y Domai n Othe r 

Good 19.00 6.00 23.17 .17 
Poor  2.5 0 .5 0 10.3 3 .0 0 

category in Table 1 (p < .05 by t-tests). That good learners show more evidence of monitoring 
themselve s an d th e instructiona l  situation s suggest s highe r  amount s o f  metacognition .  Th e greate r 
amount s o f  domain-specifi c  elaboration s mad e b y goo d learner s als o suggest s tha t  the y ar e 
producing ,  i n general ,  mor e informatio n o f  potentia l  us e i n late r  proble m solvin g contexts . 

The domain explanations given by subjects were further categorized into syntax-oriented 
statement s o r  semantics-oriente d statements .  Synta x statement s ar e one s tha t  refe r  t o th e synta x o f 
progra m code ,  o r  othe r  surfac e feature s o f  th e examples .  Semanti c statement s ar e one s tha t 
provid e a n abstrac t  interpretatio n o f  th e proces s generate d b y a  piec e o f  code ,  indicat e th e 
significanc e o f  a  progra m element ,  o r  identif y th e goa l  o r  purpos e achieve d b y a  piec e o f  code .  Al l 
si x o f  th e goo d subject s mad e mor e semantics-oriente d tha n syntax-oriente d elaborations ,  wherea s 
fou r  o f  th e si x poo r  subject s showe d th e opposit e trend ,  a n interactio n significan t  b y sig n test ,  p  < 
.05 .  Thi s focu s o n th e semantic s o f  programming ,  rathe r  tha n syntax ,  suggest s tha t  th e goo d 
learner s ar e indee d graspin g th e "inne r  structura l  relations "  o f  th e examples . 

Connecting Examples to Text 

The text of the instruction used in Experiment 3 was consdiicted at a fairly abstract level, with no 
direc t  reference s t o th e examples .  W e identifie d statement s mad e whil e explainin g th e exampl e tha i 
connecte d portion s o f  th e exampl e bac k t o concept s introduce d i n text .  Th e mea n numbe r  o f  suc h 
connecuon s fo r  goo d subject s wa s 4.3 3 an d fo r  poo r  subject s wa s .50 ,  whic h i s a  significan t 
difference ,  r(10 )  =  2.18 ,  p  <  .05 .  Th e generatio n o f  connection s betwee n th e example s an d 
abstrac t  informatio n derive d fro m tex t  i s  th e sor t  o f  proces s tha t  woul d b e predicte d t o b e effectiv e 
by analysis-base d generalizatio n methods . 

GENERAL DISCUSSION 

The results of Experiments 1 and 2 indicate that transfer of knowledge derived from examples to 
subsequen t  proble m solvin g an d acros s proble m solvin g task s ca n b e substantiall y  accounte d fo r 
by productio n syste m analyse s o f  transfer .  Ou r  curren t  analyse s i n Experimen t  3  indicat e tha t 
complexit y i s  adde d t o thi s analysi s b y individua l  difference s i n th e processe s use d i n 
understandin g instructiona l  text s an d examples .  Ou r  mode l  i n Figur e 1  suggest s tha t  suc h 
difference s ca n b e attribute d t o difference s i n th e prio r  knowledg e an d explanatio n strategie s use d 
i n processin g text s an d examples .  Curren t  model s o f  analysis-base d generalizatio n sa y littl e abou t 
th e way s i n whic h exampl e analyse s ma y var y CLewis ,  1988) .  I n futur e analyses ,  w e expec t  t o 
focu s o n idenuficatio n o f  proces s model s tha t  characteriz e th e learnin g strategie s o f  goo d an d poo r 
learner s i n programming .  Althoug h ou r  result s sugges t  tha t  aspect s o f  bot h th e identica l  element s 
theor y an d th e theor y o f  meaningfu l  learnin g ar e corroborate d b y ou r  data ,  w e d o no t  se e an y 
reaso n tha t  preclude s thei r  integratio n int o a  proces s mode l  o f  learnin g an d cognition . 
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