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Abstrac t 

I n man y domains ,  novice s exhibi t  a  bia s i n th e di -
rectio n i n whic h the y reaso n abou t  problems .  Ear -
lie r  studie s o f  LIS P programmer s usin g a  graphi -
cal  representatio n suggeste d tha t  novic e LIS P pro -
grammer s ten d t o reaso n forward ,  workin g fro m 
initia l  inpu t  dat a towar d th e goal .  W e exam -
ine d novic e programmer s learnin g LIS P usin g th e 
GI L programmin g tuto r  an d manipulate d th e di -
rectio n subject s wer e allowe d t o reaso n (forward , 
backward ,  o r  free) .  Subject s w h o wer e require d 
t o wor k backward s (fro m goa l  towar d givens )  ex -
hibite d mor e difficult y solvin g th e problem s tha n 
subject s workin g forwar d o r  subject s lef t  fre e t o 
chos e thei r  direction .  Backwar d subject s require d 
more tim e t o solv e problems ,  mad e mor e errors , 
and require d mor e tim e t o pla n eac h solution .  W e 
sugges t  tha t  thes e effect s an d preference s occu r 
becaus e forwar d reasonin g i s mor e congruen t  wit h 
th e wa y novice s reaso n abou t  compute r  programs , 
resultin g i n a n increase d workin g memor y loa d fo r 
subject s require d t o wor k backward . 

Introduction 

Novice s reaso n i n a  differen t  fashio n fro m thos e w h o 
hav e acquire d mor e expertis e i n a  domain .  Expert s ar e 
bette r  abl e t o recogniz e th e importan t  structura l  fea -
ture s o f  a  proble m an d initiat e a n appropriat e solutio n 
procedure ,  whil e novice s requir e mor e searc h t o con -
struc t  a  solutio n (e.g. ,  Chi ,  Feltovich ,  &  Glaser ,  1981) . 
I n som e domains ,  thi s result s i n a  noticeabl e contras t 
i n th e directio n o f  th e reasonin g step s taken .  Larki n 
and he r  colleague s hav e demonstrate d tha t  physic s ex -
pert s reaso n forwar d fro m give n information ,  apply -
in g appropriat e equation s t o infe r  ne w quantitie s unti l 
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th e goa l  i s  reache d (Lcirkin ,  McDermot t ,  Simon ,  < k Si -
m o n,  1980) .  I n contrast ,  novice s us e mean s end s anal -
ysis ,  startin g wit h a  desire d unknow n an d searchin g fo r 
equation s tha t  includ e tha t  variable ,  the n generatin g 
ne w subgoal s t o fil l  i n term s unknow n i n tha t  equa -
tion ,  an d s o on ,  thu s reasonin g backwar d fro m th e goa l 
towar d th e give n information . 

I n evaluatin g th e sourc e o f  thi s intriguin g difference , 
i t  i s  importan t  t o conside r  ho w novice s reaso n i n dif -
feren t  domains .  Ris t  (1989 )  foun d tha t  novic e Pasca l 
programmer s tende d t o writ e thei r  solution s i n essen -
tiall y  forwar d fashion ,  writin g eac h sectio n o f  th e pro -
gra m fro m th e beginnin g o f  th e bloc k o f  cod e t o th e 
end ,  rathe r  tha n workin g backwar d fro m th e goa l  o f 
th e bloc k t o th e initia l  statements .  Anderson ,  Conrad , 
and Corbet t  (1989 )  foun d tha t  novic e LIS P program -
mer s ten d t o construc t  thei r  solution s "top-down ,  left -
to-right. "  Thi s correspond s essentiall y t o backwar d 
reasoning ,  constructin g th e fina l  action s take n o n th e 
inpu t  dat a befor e th e initia l  actions . 

W h at  determine s th e directio n i n whic h novice s rea -
so n i n a  domain ? I t  m a y b e merel y a  preferenc e du e t o 
students '  naiv e judgment s abou t  ho w t o construc t  so -
lutions .  Alternatively ,  novice s m a y reaso n i n a  particu -
la r  directio n becaus e i t  simplifie s th e proble m solving . 
Thus ,  novice s m a y reaso n backwar d i n physic s becaus e 
thi s i s th e simples t  wa y the y ca n selec t  a m o n g possibl e 
inferences ,  sinc e the y d o no t  hav e th e proble m schema s 
tha t  enabl e forwar d inferenc e (Ch i  e t  al. ,  1981) . 

Researc h o n novic e programmer s provide s a n inter -
estin g cas e o f  forwar d an d backwar d reasoning .  Reiser , 
Kimberg ,  Lovett ,  an d Ranne y (1991 )  argue d tha t  th e 
graphica l  representatio n employe d i n G I L (Graphica l 
Instructio n i n LISP) ,  a n intelligen t  tutorin g syste m 
fo r  LIS P programming ,  provide s a  mor e natura l  ex -
terna l  representatio n fo r  novice s t o recor d thei r  rea -
sonin g tha n th e traditiona l  tex t  for m o f  programs . 
Rathe r  tha n simpl y retrievin g sequence s o f  function s 
t o achiev e particula r  programmin g goals ,  novice s ten d 
t o reaso n abou t  th e behavio r  o f  th e relevan t  function s 
on a n exampl e t o construc t  a  chai n o f  operation s tha t 
achieve s th e desire d result .  Thus ,  G I L i s  designe d s o 
tha t  student s buil d a  progra m b y constructin g a  grap h 
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of  p r o g r a m construct s a n d th e d a t a eac h man ipu la tes . 
S tuden t s specif y th e d a t a inpu t  t o eacl i  functio n i n 
thei r  p r o g r a m a n d th e d a t a tha t  result s f r o m it ,  A 
c o m p l e t e p r o g r a m consist s o f  a  g r a p h si)ecifyin g h o w a 
chai n o f  function s t rans form s th e inpu t  da t a t o achiev e 

a particula r  t y p e o f  o u t p u t  (se e P'igur e 1) . 

z i ^ s fiu n 
[( d a  b  c ) 

«Ci*0 « 

( d c  b  a ) 

«E*» l 

(abed ] 

Cdefu n rotate r  (lis ) 

(con s (firs t  (las t  l is) ) 

(revers e (res t  (revers e lis)))) ) 

Figure 1: A completed GIL graph and the correspond-
in g tex t  for m o f  th e solution .  Th e origina l  GI L inpu t 
i s th e lis t  ( a b e d )  a t  th e botto m o f  th e screen ;  th e 
goal  dat a i s th e lis t  ( d a  b  c )  a t  th e top .  Th e moda l 
sequenc e o f  solutio n step s i s indicate d b y th e numbe r 
shown nex t  t o eac h function . 

Students are free in GIL to reason at any step either 
fro m th e goa l  dat a towar d th e origina l  input s ( a back -
war d step )  o r  fro m th e input s towar d th e goa l  dat a ( a 
forwar d step) .  Reiser ,  Ranney ,  Lovett ,  an d Kimber g 
(1989 )  foun d tha t  novice s exhibite d a  stron g bia s fo r 
forwar d reasonin g (95 % forwar d steps ,  5 % backwar d 
steps) .  Reise r  e t  al .  argue d tha t  novice s ca n reaso n 
more easil y abou t  th e behavio r  o f  program s b y work -
in g forwar d fro m th e inpu t  dat a rathe r  tha n backwar d 
fro m th e goal .  Interestingly ,  th e orde r  o f  reasonin g ex -
hibite d b y GI L subject s i s opposit e tha t  o f  th e surfac e 
for m o f  th e solution .  Fo r  example ,  th e first  functio n en -

countere d i n th e bod y o f  th e tex t  for m (th e "append" ) 
i s i n fac t  th e las t  componen t  o f  th e solutio n assemble d 
by GI L subject s (se e figure  1) .  I f  students '  relianc e o n 
forwar d st(>p s i n (JI L accuratel y represent s thei r  rea -
soning ,  the n novice s d o no t  appea r  t o pla n thei r  so -
lutio n i n th e orde r  i n whic h th e function s appea r  i n 
th e tex t  for m o f  th e solution .  I f  student s ar e le d t o 
ente r  thei r  cod e i n a n outside-i n left-to-righ t  sequence , 
as student s workin g wit h th e tex t  representatio n ma y 
be,  the y ma y b e le d t o construc t  a  chai n o f  function s 
fo r  eac h subgoa l  befor e enterin g i t  int o thei r  solution . 
Reise r  e t  al .  argu e tha t  GIL' s scaffoldin g o f  forwar d 
reasonin g i s on e reaso n wh y student s solv e problem s 
more easil y wit h GI L tha n standar d tex t  LISP . 

The preferenc e o f  th e GI L student s fo r  workin g for -
war d i n LIS P appear s t o conflic t  wit h Anderso n e t  al.' s 
finding  tha t  thei r  subject s tende d t o construc t  pro -
grams usin g backwar d reasoning .  On e possibilit y  i s 
tha t  subject s wer e no t  comfortabl e enoug h wit h th e 
editin g freedo m Anderso n e t  al.' s  tuto r  provide d t o 
construc t  thei r  cod e fro m th e insid e out ,  wherea s GIL' s 
graphica l  representatio n i s mor e neutra l  i n biasin g be -
twee n forwar d an d backwar d steps .  Indeed ,  i t  seem s 
reasonabl e t o expec t  tha t  novice s wil l  fee l  compelle d t o 
ente r  th e component s o f  thei r  solution s i n th e "surfac e 
order, "  th e orde r  i n whic h thes e component s appea r  i n 
th e final  for m o f  th e solution .  Suc h a  concer n wit h a 
mismatc h betwee n natura l  way s o f  reasonin g abou t  a 
proble m an d th e forma t  o f  a  complete d solutio n hav e 
been th e motivatio n fo r  th e graphica l  format s use d i n 
a numbe r  o f  interactiv e learnin g environment s (Ander -
son ,  Boyle ,  k  Reiser ,  1985 ;  Collin s &  Brown ,  1988) . 

I f  novice s indee d reaso n mor e naturall y i n on e di -
rectio n tha n another ,  the n i t  shoul d b e possibl e t o 
facilitat e thei r  reasonin g b y providin g a  learnin g sit -
uatio n tha t  support s tha t  directio n o f  reasoning .  Th e 
initia l  evidenc e i n programmin g relie s onl y o n subjects ' 
preferences .  Th e presen t  stud y attempt s t o explicitl y 
evaluat e whethe r  th e directio n o f  reasonin g affect s th e 
difficult y o f  learnin g t o solv e programmin g problems . 
We use d th e GI L tutorin g syste m becaus e i t  make s 
i t  possibl e t o restric t  th e directio n i n whic h subjects ' 
reason ,  an d i t  allow s fine-grained  analyse s o f  th e tim e 
cours e an d error s i n subjects '  reasoning . 

Tabl e 1  summarize s th e thre e version s o f  ou r  GI L 
tuto r  use d i n thi s experiment . 

Table 1: Versions of GIL 

Forwar d 

Backwar d 

Frt e 

Onl y forwar d step s permitted . 
Fro m inpu t  dat a towar d goa l  data . 

Onl y forwar d step s permitted . 
Fro m goa l  dat a towar d inpu t  data . 

Forwar d o r  backwar d step s 
allowe d throughout . 

The Fre e conditio n provide s a n opportunit y t o ob -
serv e ho w novice s choos e t o reason .  Th e Forwar d an d 
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Backwar d condition s enabl e u s t o examin e whethe r 
ther e i s a n additiona l  loa d place d o n proble m solvin g 
by requirin g student s t o reaso n i n th e backwar d direc -
tion .  W e expec t  th e Fre e an d Forwar d condition s t o b e 
similar ,  an d proble m solvin g t o suffe r  i n th e Backwar d 
condition . 

Method 

Subject s worke d throug h tw o chapter s o f  a n introduc -
tor y LIS P programmin g textboo k an d solve d problem s 
assiste d b y GIL . 

Subjects :  Th e subject s wer e 3 0 undergraduat e pai d 
volunteer s fro m Princeto n Universit y an d othe r  nearb y 
colleges .  Al l  ha d take n n o mor e tha n on e semeste r  o f 
compute r  programmin g an d ha d n o knowledg e o f  LISP . 
Ten subject s wer e assigne d t o eac h o f  th e Free ,  For -
ward ,  an d Backwar d conditions ,  balancin g program -
min g abilit y  acros s conditions ,  usin g Mat h S A T a s th e 
predicto r  o f  programmin g abilit y  (Maye r  e t  al. ,  1986) . 
Mat h SA T score s range d fro m 42 0 t o 760 ,  wit h a  me -
dia n scor e o f  62 5 an d mean s o f  624 ,  627 ,  an d 62 7 fo r 
Free ,  Forward ,  an d Backwar d respectively . 

Instructiona l  Materials :  Th e textboo k explainin g 
dat a structure s an d LIS P function s wa s use d fo r  al l 
conditions ,  wit h severa l  sligh t  wordin g change s t o de -
scrib e th e proces s o f  chainin g function s together .  Th e 
Fre e conditio n tex t  wa s neutral ,  explainin g ho w on e 
migh t  chos e t o construc t  a  chai n eithe r  fro m th e given s 
towar d th e goa l  o r  th e reverse ,  an d th e Backwar d an d 
Forwar d text s describe d th e metho d fo r  sequencin g 
function s appropriat e t o tha t  condition .  Al l  subject s 
solve d th e sam e fourtee n problems ,  includin g on e prob -
le m worke d i n conjunctio n wit h th e Experimente r  use d 
t o demonstrat e ho w t o construc t  program s i n GIL . 

Learnin g Session :  Eac h subjec t  wa s give n th e first 
of  thre e section s o f  th e text .  Afte r  readin g th e first 
section ,  subject s wer e le d throug h a  brie f  demonstra -
tio n t o familiariz e the m wit h th e learnin g environ -
ment .  Th e Forwar d conditio n subject s sa w onl y for -
ward steps ;  th e Backwar d conditio n subject s sa w onl y 
backwar d steps ,  an d subject s i n th e Fre e conditio n sa w 
step s i n bot h directions .  Afte r  th e demonstration ,  sub -
ject s worke d throug h th e remainin g tex t  zui d problem s 
at  thei r  ow n pace . 

Posttest :  Subject s wer e give n a  posttes t  followin g 
th e learnin g session ,  consistin g o f  thre e nea r  transfe r 
codin g problems .  Subject s solve d th e problem s o n th e 
compute r  usin g th e sam e graphica l  interfac e wit h som e 
additiona l  editin g features ,  bu t  receive d n o feedback . 
The compute r  di d no t  constrai n th e subjects '  directio n 
of  wor k o n th e posttest . 

Results 

We expecte d subject s i n th e Fre e conditio n t o wor k 
primaril y forward ,  s o w e use d a  planne d compariso n 
t o contras t  performanc e i n th e Forwar d an d Fre e con -
dition s wit h th e Backwar d condition .  I n addition ,  w e 
performe d a  secon d se t  o f  analyse s t o examin e whethe r 

th e performanc e i n th e learnin g condition s differe d de -
pendin g o n ability .  Subject s belo w th e media n S A T 
scor e (420-620 )  wer e classifie d a s th e "Lo w SAT "  grou p 
and thos e abov e th e media n (630-760 )  wer e classifie d 
as th e "Hig h SAT "  group .  W e performe d a n analysi s 
of  varianc e wit h S A T leve l  an d learnin g conditio n a s 
independen t  variables . 

We examine d th e numbe r  o f  forwar d an d backwar d 
step s i n th e Fre e subjects .  A s expected ,  thes e subject s 
strongl y preferre d t o wor k forwar d (<(9 )  =  14.7, p < 
.001) .  Subject s worke d 9 5 % o f  thei r  step s forwar d an d 
5 % o f  thei r  step s backward .  Thi s finding  support s th e 
use o f  a  planne d compariso n t o contras t  Forwar d an d 
Fre e wit h Backwar d subjects . 

To examin e whethe r  th e directio n o f  reasonin g af -
fecte d th e difficult y o f  solvin g th e assigne d problems , 
we first  considere d solutio n time .  Thi s wa s define d a s 
th e tota l  tim e require d t o solv e th e thirtee n assigne d 
problems ,  no t  includin g th e demonstratio n proble m o r 
tim e spen t  readin g th e instructiona l  text .  Backwar d 
subject s too k longe r  t o solv e th e assigne d problem s 
tha n subject s workin g Forwar d o r  Fre e (47. 6 mi n v s 
31. 5 an d 33. 4 min ;  F(l,26 )  =  9.08, p <  .01) .  Figur e 2 
shows solutio n tim e partitione d int o th e tim e spen t  o n 
correc t  steps ,  erro r  steps ,  initia l  planning ,  an d can -
celle d steps .  No t  surprisingly .  Lo w S A T subject s too k 
longe r  tha n Hig h S A T subject s (41. 7 an d 33. 2 min , 
respectively ;  F(l,24 )  =  3.61, p <  .10) .  Ther e i s a  sug -
gestio n tha t  th e eflfec t  o f  directio n i s stronge r  fo r  th e 
lowe r  abilit y  subjects ,  althoug h thi s i s no t  statisticall y 
reliabl e (F(2 ,  24 )  =  2.23 ,  p  =  .1 3 fo r  th e interaction) . 

Fo rwa r d 

Fre e 

B a c k w a r d 

Correc t  Error s Setu p Cance l 

Figur e 2 :  Distributio n o f  learnin g sessio n time .  Tim e 
shown i s th e tota l  amoun t  o f  tim e spen t  o n eac h even t 
typ e acros s al l  1 3 problems .  Categorie s are :  correc t 
steps ,  recover y fro m errors ,  settin g u p a  plan ,  an d can -
celle d steps . 

There are several possible reasons why subjects in 
th e Backwar d conditio n ma y hav e take n longe r  tha n 
th e othe r  subjects .  First ,  w e examine d thei r  errors , 
whic h ca n b e costl y t o repair .  Whe n a n erro r  i s  made , 
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GI L print s a n explanator y erro r  message ,  an d subject s 
must  rea d th e messag e an d tr y t o fix  th e error .  Indeed , 
as Tabl e 2  suggests ,  i t  appear s tha t  th e Lo w S A T sub -
ject s i n th e Backwar d conditio n mad e mor e error s tha n 
eithe r  th e Forwar d o r  Fre e subjects ,  whil e error s pro -
duce d b y th e Hig h S A T subject s wer e no t  affecte d b y 
th e learnin g conditio n (F(2,24 )  =  2.89 ,  p  <  .1 0 fo r  th e 
interaction) .  Difference s i n solutio n tim e ma y als o re -
sul t  fro m th e tim e subject s spen t  repairin g errors .  Sub -
ject s wh o hav e mor e difficultl y  constructin g an d imple -
mentin g a  pla n ma y spen d mor e tim e o n error s tha t 
the y d o make .  Indeed ,  Backwar d subject s too k mor e 
tim e t o repai r  eac h erro r  tha n di d Forwar d an d Fre e 
subject s (11 5 vs .  6 8 an d 7 5 sec ;  F(l,26 )  =  4.36, p < 
.05) .  Furthermore ,  Backwar d subject s als o spen t  mor e 
tim e abortin g step s {F{1 ,  21 )  =  4.8, p <  .05) ,  support -
in g th e hypothesi s tha t  thes e subject s foun d reasonin g 
more difficult . 

Tabl e 2 :  Mea n numbe r  o f  error s i n th e learnin g sessio n 

Forwar d 
Fre e 

Backwar d 

Low SA T 
8. 2 
8. 0 

17. 6 

Hig h S A T 

8. 2 
9. 2 
6. 0 

Interestingly ,  subject s i n th e Backwar d conditio n 
spen t  mor e tim e plannin g o r  settin g u p eac h proble m 
befor e the y starte d workin g o n i t  (F(l,26 )  =  7.01, p < 
.05) .  Althoug h th e difference s ar e smal l  (mea n plan -
nin g tim e 3 7 se c vs .  2 6 an d 2 8 sec) ,  thi s suggest s Back -
war d subject s foun d constructin g a n overal l  pla n mor e 
difficul t  tha n othe r  subjects . 

Finally ,  w e examine d subjects '  performanc e o n th e 
posttest .  Backwar d subject s spen t  mor e tim e o n th e 
posttest s tha n th e Forwar d o r  Fre e subject s (19. 7 vs . 
14. 9 an d 16. 3 min ;  F(l,25 )  =  4.78, p <  .05) .  How -
ever ,  thei r  score s o n th e posttes t  problem s di d no t  dif -
fe r  (F(2,22 )  =  1.06 ,  n.s.) .  Th e posttes t  allowe d al l 
subject s t o wor k freely ,  s o i t  wa s possibl e t o examin e 
th e directio n subject s chos e t o work .  No t  surprisingly , 
th e Forwar d an d Fre e condition s worke d almos t  ex -
clusivel y forwar d a s the y di d durin g th e learnin g ses -
sion .  However ,  th e Backwar d subject s performe d al -
most  thre e time s mor e forwar d tha n backwar d steps . 
Althoug h the y wer e unaccustome d t o workin g forward , 
the y chos e t o d o so ,  an d thi s ma y hav e resulte d i n thei r 
longe r  solutio n time s o n th e posttest . 

Discussion 

I n th e domai n o f  LIS P programming ,  subject s give n 
th e choic e o f  whic h directio n t o wor k prefe r  t o wor k for -
ward .  Thi s preferenc e i s apparentl y motivate d b y th e 
difficult y i n reasonin g backwar d i n thi s domain .  Sub -
ject s i n th e Backwar d conditio n too k longe r  t o solv e 
th e problem s tha n di d subject s wh o worke d forward . 
Thi s differenc e i s primaril y du e t o th e numbe r  o f  er -

ror s thes e subject s mad e an d th e difficult y the y ha d i n 
repairin g them .  Th e effec t  appear s t o aris e predomi -
nantl y i n th e lowe r  abilit y  subjects ;  th e highe r  abilit y 
subject s as e les s hampere d b y requirin g the m t o rea -
son backward .  Th e Backwar d subject s als o ha d mor e 
difficult y i n constructin g an d implementin g a  plan ,  a s 
evidence d b y thei r  increase d initia l  plannin g time s an d 
greate r  tendenc y t o abor t  steps . 

The preferenc e fo r  forwar d reasonin g appear s t o b e a 
stron g one .  Eve n afte r  workin g al l  th e learnin g sessio n 

problem s usin g backwar d steps ,  th e Backwar d condi -
tio n subject s stil l  chos e t o perfor m a  majorit y o f  thei r 
step s o n th e posttes t  usin g forwar d reasoning .  I f  thi s 
stron g preferenc e hold s i n th e mor e advance d part s o f 
th e curriculu m i n thi s domain ,  the n thes e subjects ' 
proble m solvin g durin g th e learnin g sessio n (i n whic h 
the y wer e force d t o us e backwar d reasoning )  ma y no t 
hav e prepare d the m fo r  futur e proble m solvin g a s wel l 
as th e instructio n th e Forwar d an d Fre e group s re -
ceived .  Indeed ,  th e Backwar d conditio n subject s too k 
longe r  t o solv e th e posttes t  problems ,  presumabl y be -
caus e thes e subject s wer e relyin g o n les s practice d tech -
nique s o f  forwar d reasoning . 

Take n together ,  thes e result s suppor t  th e conclusio n 
that ,  unUk e physics ,  i n whic h novice s ten d t o us e back -
war d reasoning ,  i n LIS P programming ,  backwar d rea -
sonin g i s  mor e difficul t  tha n forwar d reasoning .  Sub -
jects '  relianc e o n forwar d reasonin g i s no t  merel y a 
preferenc e — subject s allowe d t o us e thi s typ e o f  rea -
sonin g perfor m bette r  tha n subject s wh o ar e require d 
t o us e backwar d reasoning ,  despit e th e fac t  tha t  back -

war d reasonin g bette r  correspond s t o th e orde r  o f  so -
lutio n component s i n th e traditiona l  for m o f  LIS P pro -
grams . 

We conside r  thre e type s o f  explanation s fo r  thes e 
results . 

Naiv e Causa l  Models :  Novice s ten d t o reaso n abou t 
how program s behav e a s the y tr y t o construc t  a  pro -
gra m t o achiev e a  particula r  goal .  Function s hav e a n 
underlyin g directionaUt y — the y tak e i n inpu t  dat a 
and retur n outpu t  data .  Novice s ca n understan d ho w 
function s embe d b y viewin g a n embedde d functio n cal l 
as a  causa l  chain ,  i n whic h th e outpu t  o f  on e functio n 

becomes inpu t  t o another .  Thi s typ e o f  causa l  rea -
sonin g naturall y start s wit h th e first  inputs ,  th e initia l 
"cause, "  an d progresse s towar d th e final  result ,  rathe r 
tha n reasonin g backwar d fro m th e desire d outpu t  t o 
selec t  a  functio n an d necessar y inpu t  tha t  yield s tha t 
result .  Th e tempora l  directionalit y o f  operator s ma y 
hav e som e effec t  o n th e directio n peopl e choos e t o rea -
son i n othe r  domains .  Fo r  example ,  ches s operator s ar e 
typicall y applie d i n a  forwar d directio n (e.g. ,  castlin g 
wil l  develo p th e rook )  rathe r  tha n backwar d (e.g. ,  t o 
develo p th e rook ,  castle) ,  althoug h bot h o f  thes e pro -
cesse s ma y pla y som e par t  i n th e reasonin g process . 

Constrain t  o f  th e Proble m Space :  Becaus e function s 
ar e many-to-on e mappings ,  th e searc h o f  th e proble m 
spac e i s mor e constraine d whe n reasonin g forwar d tha n 
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when reasonin g backwsird .  Tha t  is ,  a  functio n op«T;it -
in g o n a n inpu t  ha s a  uniqu e output ,  bu t  a  funrtioi i 
coul d tak e man y possibl e input s tha t  woul d produc e a 
desire d output .  Furthermore ,  ther e ar e a  greate r  num -
ber  o f  applicabl e function s whe n reasonin g backwar d 
tha n forward .  Thus ,  student s ca n selec t  betwee n fewe r 
potentia l  choice s whe n reasonin g forward .  Thi s facto r 
may als o explai n wh y novice s rel y upo n backwar d rea -
sonin g i n physics .  I n physics ,  means-end s analysi s i s 
profitabl e because'ther e i s onl y on e goa l  quantit y (e.g. , 
velocity) ,  an d ther e ar e fewe r  equation s tha t  contai n 
tha t  quantit y tha n th e equation s tha t  coul d b e use d 
t o chai n forwar d fro m al l  th e give n information .  Fo r 
othe r  domaiins ,  th e directio n o f  wor k wit h th e fewe r 
applicabl e operator s shoul d b e preferred . 

Complexit y  o f  Planning :  Ther e ar e severa l  reason s t o 
expec t  th e plannin g t o b e simple r  whe n reasonin g for -
ward .  First ,  th e subgoal s ar e mor e independen t  whe n 
reasonin g forward .  Man y problem s involv e combinin g 
separatel y obtaine d objects .  Whe n reasonin g back -
ward ,  i t  i s necessar y t o kno w wha t  for m th e input s wil l 
be t o kno w ho w t o combin e th e subgoals .  Thi s ofte n 
require s furthe r  look-ahead ,  becaus e th e for m o f  th e 
input s t o th e ste p wil l  determin e whic h functio n t o us e 
t o combin e them .  I n contrast ,  whe n reasonin g forward , 
i t  i s necessar y onl y t o determin e tha t  a  particula r  sub -
goal  i s needed ,  an d the n on e ca n reaso n t o obtai n tha t 
dat a independentl y o f  whateve r  els e wil l  b e neede d t o 
combin e wit h tha t  subgoal .  Student s ca n the n mak e 
greate r  us e o f  opportunisti c reasoning .  Th e studen t 
may realiz e constraint s o n a  subgoa l  o f  th e progra m 
when buildin g a  chai n t o achiev e it s siblin g subgoal .  I n 
contrast ,  whe n backwar d reasonin g begin s wit h com -
binin g subgoal s together ,  i t  i s  necessar y t o commi t  t o 
a particula r  combinatio n o f  subgoals .  Man y domain s 
have operator s tha t  combin e object s i n a  simila r  fash -
io n (e.g. ,  SA S o r  A S A fo r  geometry) .  Thi s hypothesi s 
predict s tha t  reasonin g forwar d shoul d b e easie r  fo r 
thos e domain s tha t  hav e thes e type s o f  operators . 

A relate d poin t  concern s th e eas e o f  determinin g 
whethe r  a  particula r  inferenc e i s profitable .  GI L stu -
dent s reaso n usin g a  concret e example .  Candidat e for -
war d inference s ca n b e evaluate d b y comparin g th e re -
sult s an d determinin g whethe r  eac h woul d b e usefu l 
fo r  obtainin g th e goa l  data ,  whic h typicall y entail s de -
terminin g whethe r  th e candidat e resul t  i s a  componen t 
of  th e goal .  Backwar d reasonin g require s determinin g 
whethe r  a  particula r  inpu t  t o a  ste p ca n easil y b e ob -
taine d fro m th e origina l  inputs .  I t  i s  typicall y easie r 
t o se e whethe r  a  particula r  objec t  i s  a  componen t  o f 
th e goa l  tha n t o determin e whethe r  a n objec t  i s o f  th e 
for m tha t  ca n easil y b e obtaine d fro m th e inputs . 

We sugges t  tha t  thes e factor s togethe r  explai n wh y 
forwar d reasonin g i s simple r  i n thi s domain .  Th e 
greate r  look-ahea d required ,  th e large r  numbe r  o f  alter -
native s t o b e considered ,  an d th e difficult y i n mentall y 
simulatin g th e executio n o f  a  progra m whe n reason -
in g backwar d al l  contribut e t o a n increase d workin g 

memory load ,  whic h result s i n greate r  difficult y i n con -
structin g an d carryin g ou t  a  plan .  I t  i s  als o possibl e 
tha t  th e Backwar d subject s ar e indee d reasonin g for -
ward ,  bu t  jus t  enterin g thei r  solution s i n th e backwar d 
sequenc e a s require d b y th e tutor .  Thi s to o woul d 
resul t  i n a n increase d memor y load ,  becaus e subject s 
woul d hav e t o construc t  a n entir e chai n o f  reasonin g 
befor e enterin g th e outermos t  (firs t  backward )  step . 

I n futur e work ,  w e pla n t o examin e ho w feature s 
of  th e domai n ca n b e use d t o explai n th e directio n 
tha t  novice s reason ,  an d ho w proble m solver s chang e 
thei r  directio n o f  reasonin g a s the y gai n expertis e i n a 
domain . 
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