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L E A R N I N G A  T R O U B L E S H O O T I NG S T R A T E G Y : 

THE ROLES OF DOMAIN SPECIFIC KNOWLEDGE 

AND GENERAL PROBLEM-SOLVING STRATEGIES 

LEOGUGERTY 
EDUCATIONAL TESTIN G SERVIC E 

PRINCETON.  NJ 

ABSTRACT 

This research investigated how college students learned an efficient troubleshooting strategy, 
elimination .  Th e subjects '  tas k wa s t o find  th e broke n component s i n network s tha t  wer e simila r  t o 
digita l  circuits .  Wit h onl y minima l  trainin g i n thi s task ,  subject s usuall y use d a  strateg y o f 

backtrackin g fro m th e incorrec t  networ k outputs ,  instea d o f  th e mor e efficien t  eliminatio n strategy , 

whic h involve s backtrackin g bu t  als o eliminatin g (ignoring )  component s tha t  lea d int o goo d 

networ k outputs .  Compute r  simulatio n modelin g suggeste d tha t  i n orde r  fo r  subject s t o lear n th e 

eUminatio n strateg y o n thei r  own ,  the y neede d t o appl y (1 )  certai n ke y domain-specifi c  knowledg e 

abou t  h o w th e component s worked ,  an d (2 )  th e genera l  reductio-ad-absurdu m problem-solvin g 

strategy .  A n experimen t  showe d tha t  thes e tw o kind s o f  knowledg e d o enabl e student s t o increas e 

thei r  us e o f  elimination ,  thu s supportin g th e model . 

INTRODUCTION 

Imagine you have rented a one-room cottage for the weekend. Upon arriving, you turn on the 

radi o an d n o soun d come s out ,  eve n wit h th e volum e contro l  u p high .  A  littl e investigatin g show s 

tha t  th e radi o an d a  des k lam p ar e plugge d int o a  well-wor n extensio n cord ,  whic h i s plugge d int o a 

wal l  oudet .  Nearb y i s a  fus e bo x wit h som e replacemen t  fuse s an d a  ne w extensio n cord .  Wha t 

woul d yo u d o first  t o find  th e caus e o f  th e silen t  radio ? 

There are a number of problem-solving strategies you could use in this situation. Based on your 

pas t  troubleshootin g experience ,  yo u coul d tr y t o recal l  som e o f  th e likel y cause s o f  problem s wit h 

radios .  O r  yo u coul d focu s o n th e curren t  situatio n an d backtrac k fro m th e eviden t  proble m (th e 

silen t  radio) .  Thi s migh t  lea d yo u t o replac e th e extensio n cor d o r  som e o f  th e fuses .  However ,  a 

mor e efficien t  strateg y tha n simpl e backtrackin g woul d b e t o tur n o n th e lamp .  I f  i t  works ,  yo u ca n 

the n eliminat e th e extensio n cor d an d fus e bo x a s possibl e cause s o f  th e problem .  I n thi s situation , 

th e eliminatio n strateg y isolate s th e proble m t o th e radi o o r  it s cord .  Mor e precisely ,  i n 

backtracking ,  th e se t  o f  possibl y fault y component s consist s o f  al l  thos e component s tha t  lea d int o 

th e ba d syste m output .  I n elimination ,  thi s se t  o f  possibl y fault y component s i s reduce d b y 

ignorin g th e component s tha t  lea d int o goo d syste m outputs .  Th e eliminatio n strateg y ha s als o 

bee n calle d dependency-directe d backtrackin g (Stallma n &  Sussman ,  1977) . 

This research focused on how people learn the elimination strategy in a novel troubleshooting task. 

I n particular ,  i t  considere d h o w domain-specifi c  knowledg e an d general-purpos e problem-solvin g 

strategie s ar e use d i n learnin g elimination .  Psychologist s hav e recentl y debate d th e relativ e 

importanc e o f  domain-specifi c  versu s general-purpos e knowledg e i n proble m solvin g (Glaser , 

1984 ;  Perkin s &  Salomon ,  1989) .  S o m e sugges t  tha t  al l  problem-solvin g strategie s ar e closel y 

tied  t o di e specifi c  domain s i n whic h the y ar e used .  Other s clai m tha t  peopl e d o hav e genera l 

strategie s tha t  the y ca n transfe r  t o nove l  problems .  Thos e w h o hav e writte n o n thi s topi c ofte n 

hav e note d th e paucit y o f  researc h examinin g h o w domain-specifi c  an d genera l  knowledg e migh t 

interac t  durin g proble m solving ,  an d hav e calle d fo r  suc h researc h (Alexande r  &  Judy ,  1989) . 
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This Study focused explicitly on the interaction between domain-specific and general-purpose 
knowledge .  I  firs t  develope d a  simulatio n mode l  tha t  highlighte d th e domain-specifi c  an d genera l 
knowledg e neede d fo r  learnin g elimination .  The n I  conducte d a  trainin g experimen t  t o tes t  th e 
model .  Thi s experimen t  determine d whethe r  eithe r  domain-specifi c  o r  genera l  knowledg e alon e 
woul d improv e us e o f  elimination ,  o r  whethe r  bot h togethe r  wer e necessary . 

The task for this research was not taken from everyday experience, as is the electrical 
troubleshootin g proble m above .  Sinc e I  planne d a n experimen t  requirin g a  hig h degre e o f 
experimenta l  contro l  ove r  th e subjects '  domain-specifi c  knowledge ,  I  chos e a  tas k tha t  woul d b e 
nove l  fo r  m y subject s (colleg e students) .  Subject s ha d t o fin d th e broke n node s i n ver y simpl e 
network s tha t  wer e simila r  t o digita l  circuit s (se e Figur e 1) .  Th e networ k show n passe s O' s an d 
I' s  ft-om  lef t  t o right .  Th e node s ac t  a s A N D gates ;  whe n workin g correctl y the y onl y pas s o n I' s 
i f  al l  thei r  input s ar e I's .  W h e n node s break ,  the y pas s o n O' s regardles s o f  thei r  inputs .  Th e 
subject s searche d fo r  th e broke n nod e b y testin g particula r  connection s betwee n node s t o se e i f 
the y wer e passin g O' s o r  I's ,  an d b y replacin g nodes .  Th e network s wer e presente d o n pape r  an d 
subject s mad e test s an d replacement s b y typin g nod e number s int o a  computer .  Test s an d 
replacement s wer e assigne d cost s (i n imaginar y money) ,  wit h replacement s costin g fou r  time s 
more tha n tha n tests .  Subject s wer e aske d t o kee p cost s t o a  minimum .  Th e networ k tas k wa s 
take n fro m th e wor k o f  Rous e (1978) . 

For the network in Figure 1, the backtracking strategy leads to considering the following set of 18 
possibly-fault y nodes :  1 0 throug h 23 ,  2 5 throug h 27 ,  an d 31 .  Th e eliminatio n strateg y allow s 
many o f  thes e node s t o b e ignore d becaus e the y lea d t o a n outpu t  o f  1 ,  leavin g a  possibly-fault y se t 
of  4  nodes :  18 ,  22 ,  26 ,  an d 31 .  Pilo t  testin g showe d tha t  colleg e student s usuall y di d no t  us e 
eUminatio n whe n troubleshootin g th e networ k problems .  Mos t  resorte d t o th e les s efficien t 
backtrackin g strategy . 

The next section presents the model of the domain-specific and general-purpose knowledge needed 
t o lear n elimination . 

Inpu t Outpu t 

Figur e 1 .  Exampl e networ k 
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THE SIMULATION MODEL 

I created separate production-system models for the backtracking and the elimination strategies. 
By lookin g a t  th e knowledg e tha t  ha d t o b e adde d t o th e backtrackin g mode l  t o obtai n th e 
eliminatio n model ,  I  coul d predic t  wha t  knowledg e a  perso n usin g onl y backtrackin g woul d nee d 
i n orde r  t o lear n elimination . 

The backtracking model initially focuses on the node that gives the 0 network output, testing each 
inpu t  t o thi s nod e (i n a  rando m order )  unti l  i t  find s a  0  inpu t  o r  discover s tha t  al l  th e input s ar e 1 . 
I f  al l  th e input s ar e 1 ,  th e mode l  conclude s tha t  th e curren t  focu s nod e i s broke n an d replace s it .  I f 
a 0  inpu t  i s  found ,  th e nod e outputtin g tha t  0  become s th e nex t  focu s nod e an d th e proces s i s 
repeated . 

When the backtracking model is looking for 0 inputs to a node outputting a 0, it generates 
hypothese s tha t  eac h o f  th e node' s inpu t  line s ar e passin g O' s an d test s thes e b y makin g acuia l  test s 
of  th e networ k (a s a  subjec t  woul d mak e o n th e computer) .  Fo r  example ,  give n th e networ k i n 
Figur e 1 ,  i t  migh t  generat e th e hypothesi s tha t  lin e 2 5 -  3 1 i s passin g a  0  an d immediatel y tes t  this . 
I n th e eliminatio n model ,  thi s testin g proces s i s modified .  Instea d o f  immediatel y testin g th e 
hypothesi s tha t  2 5 -  3 1 i s 0 ,  th e eliminatio n mode l  use s knowledg e o f  ho w th e node s wor k an d a 
kin d o f  "wha t  i f  reasonin g t o propagat e th e effect s o f  th e hypothesi s throug h th e network . 
Propagatio n lead s t o th e furthe r  hypothese s tha t  lin e 2 5 -  3 0 i s passin g a  0  an d tha t  nod e 3 0 i s 
outputtin g a  0 .  Sinc e thi s las t  hypothesi s i s contradicte d b y th e fac t  tha t  nod e 3 0 i s outputtin g a  1 , 
th e origina l  hypothesi s i s assume d t o b e false .  Thus ,  th e mode l  conclude s tha t  lin e 2 5 -  3 1 i s 
passin g a  1  an d thi s lin e i s no t  teste d o n th e computer .  I f  afte r  propagation ,  th e origina l  hypothesi s 
i s foun d t o onl y agre e wit h know n networ k information ,  th e mode l  goe s ahea d an d test s th e lin e 
associate d wit h thi s hypothesis . 

The elimination model uses two kinds of knowledge in this reasoning process. The first of these is 
th e knowledg e o f  ho w th e node s wor k tha t  i s  use d t o propagat e a  hypothesi s throug h th e network . 
The mode l  use s tw o ke y rule s abou t  th e nodes ,  bot h o f  whic h ar e use d i n th e previou s example . 
Thes e ar e th e rule s tha t  al l  output s o f  a  nod e ar e equa l  an d tha t  i f  a  nod e ha s a  0  input ,  i t  wil l  outpu t 
O's .  Th e secon d kin d o f  knowledg e use d i n th e eliminatio n mode l  i s  th e overal l  proces s o f 
propagatin g a  hypothesis ,  noticin g contradictions ,  an d falsifyin g th e origina l  hypothesis .  Thi s i s 
basicall y th e reasonin g proces s know n a s reducti o a d absurdu m (RAA) . 

The general-purpose nature of RAA should be emphasized. It can be used in mathematics, legal 
reasoning ,  an d science .  Poly a (1957 )  include d i t  i n hi s boo k o n genera l  problem-solvin g skills . 
On th e othe r  hand ,  th e nod e knowledg e use d b y th e eliminatio n mode l  i s  domai n specific .  I n 
addition ,  i t  shoul d b e note d tha t  th e mode l  doe s no t  sugges t  tha t  overal l  improvemen t  i n domain -
specifi c  knowledg e wil l  lea d t o th e eliminatio n strategy .  Two ,  quit e specifi c  rule s abou t  ho w th e 
node s wor k ar e used .  Othe r  rule s abou t  th e node s woul d no t  b e expecte d t o lea d t o th e reasonin g 
neede d fo r  elimination . 

To summarize, the model suggested that people using only backtracking will learn elimination if 
they :  (1 )  lea m particula r  domain-specifi c  knowledg e abou t  ho w th e node s work ,  an d (2 )  appl y th e 
genera l  R A A reasonin g strategy .  Accordin g t o th e model ,  bot h o f  thes e kind s o f  knowledg e ar e 
neede d fo r  learnin g elimination .  Th e nex t  sectio n describe s th e exj)erimen t  tha t  teste d th e model . 
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THE EXPERIMENT 
METHOD 
To tes t  th e model ,  I  designe d a n experimen t  wit h fiv e conditions ,  base d o n fiv e way s o f  trainin g 
subject s t o d o th e networ k task .  I n eac h condition ,  subject s first  receive d brie f  instructio n i n ho w 
th e node s an d network s worke d an d ho w t o d o th e task .  Th e initia l  instructio n containe d enoug h 
informatio n fo r  th e subject s t o induc e th e eliminatio n strategy ,  bu t  thi s informatio n wa s no t 
highlighted .  Afte r  th e initia l  training ,  eac h subjec t  receive d on e o f  fiv e kind s o f  extr a trainin g an d 
the n solve d 2 4 networ k problems . 

I designed the training conditions to test whether either of the two types of knowledge highlighted 
by th e mode l  (domain-specifi c  an d general )  coul d facilitat e eliminatio n b y itself ,  o r  whethe r  bot h 
had t o b e taugh t  together .  Thu s I  include d condition s i n whic h subject s receive d eithe r  n o extr a 
trainin g (baseline) ,  onl y th e domain-specifi c  nod e knowledg e suggeste d b y th e mode l  (relevan t 
node) ,  o r  bot h th e domain-specifi c  knowledg e an d th e genera l  R A A strateg y (relevan t 
node/RAA) .  I n th e relevan t  node/RA A condition ,  subject s learne d R A A i n th e contex t  o f  th e 
networ k problems . 

I also needed an RAA-only condition in which subjects learned RAA but not the relevant node 
knowledge .  Sinc e peopl e ar e ofte n ba d a t  transferrin g knowledg e acros s domains ,  i t  wa s 
importan t  tha t  subject s i n th e RAA-onl y conditio n lea m R A A i n th e contex t  o f  th e networ k 
problems ,  a s di d th e relevan t  node/RA A subjects .  Thus ,  fo r  th e RAA-onl y condition ,  I  taugh t 
R AA i n th e contex t  o f  th e networ k problems ,  bu t  usin g domain-specifi c  knowledg e tha t  was , 
accordin g t o th e model ,  irrelevan t  t o learnin g elimination .  Thi s i s th e irrelevan t  node/RA A 
condition .  Finally ,  I  adde d a n irrelevan t  nod e conditio n wher e subject s learne d onl y th e 
irrelevan t  domain-specifi c  knowledge . 

The relevant domain-specific knowledge consisted of the two key rules about how the nodes 
worke d tha t  wer e use d b y th e mode l  t o lea m elimination .  Th e irrelevan t  domain-specifi c 
knowledg e consiste d o f  rule s abou t  ho w th e node s worke d tha t  wer e tru e but ,  accordin g t o th e 
model ,  irrelevan t  t o learnin g elimination .  (A n exampl e o f  a n irrelevan t  nod e rul e is :  Fo r  a  workin g 
nod e t o hav e a  0  output ,  i t  mus t  hav e a t  leas t  on e 0  input. )  Comparin g thes e tw o condition s 
(relevan t  nod e an d irrelevan t  node )  allowe d m e t o tes t  whethe r  an y increas e i n eliminatio n afte r 
node trainin g wa s du e t o th e particula r  nod e knowledg e indicate d b y th e mode l  o r  t o genera l 
familiarit y wit h ho w th e node s worked . 

The main prediction from the model was that subjects in the relevant node/RAA condition would 
sho w th e greates t  us e o f  elimination ,  sinc e thes e subject s wer e explicitl y  taugh t  al l  th e knowledg e 
sufficien t  fo r  learnin g thi s strategy .  Us e o f  eliminatio n i n th e irrelevan t  nod e conditio n wa s 
expecte d t o b e th e sam e a s i n th e baselin e condition ;  sinc e i n bot h thes e conditions ,  subject s 
practice d non e o f  th e ke y knowledg e neede d fo r  elimination .  Th e mode l  di d no t  mak e a  clea r 
predictio n regardin g th e relevan t  nod e conditio n an d th e irrelevan t  node/RA A condition ,  wher e 
subject s wer e taugh t  onl y par t  o f  th e knowledg e sufficien t  fo r  elimination .  I f  subject s i n thes e tw o 
condition s coul d infe r  th e remainin g neede d knowledg e fro m th e initia l  trainin g o r  fro m prio r 
knowledge ,  the n thei r  us e o f  eliminatio n woul d increase .  I f  not ,  i t  woul d sta y th e same . 

Ten University of Michigan undergraduates participated in each condition. The overall procedure 
fo r  eac h subjec t  was :  initia l  training ,  pretes t  ( 4 networ k problems) ,  nod e trainin g (dependin g o n th e 
condition) ,  R A A trainin g (dependin g o n th e condition) ,  an d post-tes t  (2 4 networ k problems) . 
Afte r  eac h post-tes t  problem ,  subject s wer e tol d ho w muc h mone y the y ha d spen t  an d wha t  woul d 
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be a "good" amount to spend on that problem. The good scores were based on using elimination 
plu s th e half-spli t  strategy ,  whic h involve s testin g nea r  th e middl e o f  a  chai n o f  possibl y fault y 
nodes .  Durin g th e pretest ,  subjects '  onl y feedbac k consiste d o f  ho w muc h mone y the y ha d spen t 
on eac h problem . 

In  the node training, a subject would see, for example, a diagram of an individual node with one of 
it s  inpu t  line s passin g a  0  an d on e o f  it s  outpu t  line s marke d wit h a  questio n mark .  Th e subjec t  ha d 
t o indicat e wha t  wa s bein g passe d alon g th e lin e wit h th e questio n mark ,  eithe r  "0" ,  "1" ,  o r  "Can' t 
tell" .  Th e correc t  answe r  i n thi s cas e i s  "0" .  Thi s proble m exemplifie s th e relevan t  nod e rul e tha t  i f 
a nod e ha s a  0  input ,  i t  output s O's .  Subject s i n th e nod e trainin g condition s di d 9 6 nod e 
problems ,  wit h immediat e feedbac k afte r  eac h problem . 

In the RAA training, subjects saw diagrams like in Figure 2. They were told to assume that the 
line s marke d wit h a  1  an d a  0  wer e actuall y passin g thos e value s an d tha t  th e "0? "  wa s a 
hypothesis .  Thei r  tas k wa s t o determine ,  i f  possible ,  wha t  valu e wa s bein g passe d alon g th e lin e 
wit h th e hypothesis .  Th e experimente r  first  demonstrate d o n a  fe w problem s ho w th e 
hypothesize d valu e coul d b e propagated ,  an d ho w sometimes ,  a s i n thi s problem ,  th e hypothesi s 
woul d lea d t o a  contradictio n an d coul d therefor e b e falsified .  Th e correc t  answe r  fo r  thi s proble m 
i s  "1" .  Thi s i s a n exampl e o f  relevan t  R A A training .  Subject s i n R A A trainin g condition s di d 2 4 
R AA problems ,  wit h immediat e feedbac k afte r  eac h problem .  Th e instruction s emphasize d tha t 
subject s coul d spen d les s mone y o n th e networ k problem s b y usin g R A A t o tes t  som e o f  thei r 
hypothese s instea d o f  makin g test s o n th e computer . 

I would like to stress that the RAA training did not directly teach the elimination strategy. In well-
practice d us e o f  eliminatio n o n th e networ k problems ,  subject s firs t  ste p i n problem-solvin g i s 
usuall y t o cros s of f  th e node s tha t  lea d int o output s o f  1 .  The n the y direc t  thei r  searc h fo r  th e 
fault y nod e t o th e remainin g se t  o f  nodes .  I n th e R A A training ,  subject s di d somethin g rathe r 
different .  The y use d R A A t o determin e whethe r  certai n hypothese s abou t  th e networ k ar e tru e o r 
false . 

RESULTS 
A majo r  advantag e o f  th e networ k tas k i s tha t  i t  allow s eas y measuremen t  o f  subjects '  strateg y us e 
merel y b y observin g th e test s the y made .  Th e mai n dependen t  variabl e fo r  measurin g us e o f 

o 

O O o O 

Figur e 2 .  Exampl e o f  a  relevan t  R A A trainin g stimuli . 
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backtracking was the percentage of tests on each problem that were within the backtracking set A 

tes t  i s  i n th e backtrackin g se t  i f  th e lin e teste d lead s int o th e 0  networ k output .  Fo r  th e eliminatio n 

strategy ,  a  simila r  variabl e wa s calculate d usin g th e eliminatio n set ,  th e se t  o f  line s tha t  lea d int o th e 

0 networ k outpu t  bu t  no t  an y networ k output s o f  1 .  Fo r  example ,  i n Figur e 1 ,  th e onl y test s 

consisten t  wit h eliminatio n wer e thos e o f  th e line s connectin g node s 18 ,  22 ,  26 ,  an d 31 . 

However, because the elimination set is contained within the backtracking set, subjects using only 

backtrackin g wil l  b y chanc e m a k e som e test s i n th e eliminatio n set .  I  therefor e calculate d anothe r 

variabl e t o represen t  subjects '  us e o f  eliminatio n tha t  factore d ou t  eliminatio n test s tha t  woul d b e 

expecte d merel y b y us e o f  th e backtrackin g strategy .  Fo r  eac h network ,  I  calculate d th e percentag e 

of  eliminatio n test s tha t  woul d b e expecte d i f  a  subject s use d th e backtrackin g strateg y describe d b y 

th e model .  Thi s percentag e wa s subtracte d from  th e subjects '  actua l  percentag e o f  eliminatio n test s 

on tha t  networ k t o giv e a  n e w variable ,  calle d th e percentag e o f  eliminatio n test s beyon d chance . 

On the 4 pretest networks (before any extra training), subjects used the backtracking strategy 

almos t  exclusively .  Considerin g al l  5 0 subjects ,  th e averag e percentag e o f  backtrackin g test s wa s 

9 9 %;  whil e th e averag e percentag e o f  eliminatio n test s beyon d chanc e wa s 3 % .  A n analysi s o f 

varianc e showe d tha t  th e subject s i n th e fiv e trainin g condition s di d no t  diffe r  significantl y i n thei r 

us e o f  eliminatio n prio r  t o training .  However ,  subject s i n som e condition s (includin g th e relevan t 

n o d e / R A A condition )  di d us e eliminatio n slightl y mor e o n th e pretest .  T o handl e thes e differences , 

subjects '  pretes t  score s o n a  dependen t  variabl e wer e use d a s a  covariat e whe n analyzin g th e post -

tes t  data .  ̂  

Subjects did quite well on the node and the RAA training. They answered 97% of the node 

problem s an d 9 2 % o f  th e R A A problem s correctly ,  wit h n o significan t  difference s betwee n th e 

relevan t  an d irrelevan t  training . 

Figure 3 shows the subjects' use of elimination on the post-tests. The data for each subject were 

average d ove r  th e 2 4 post-tests .  Th e figur e give s th e adjuste d mean s from  th e analysi s o f 

covariance ,  sinc e thes e ar e th e mean s tha t  woul d b e expecte d afte r  an y preexistin g (i.e. ,  pretest ) 

difference s i n us e o f  eliminatio n hav e bee n factore d out .  A s th e figur e shows ,  post-tes t  us e o f 

eliminatio n afte r  relevant/RA A trainin g wa s significantl y greate r  tha n i n th e baselin e conditio n ( p < 

0.05) .  Th e othe r  thre e trainin g condition s showe d n o improvemen t  ove r  th e baseline .  Thi s wa s 

tru e fo r  bot h th e percentag e o f  eliminatio n test s an d th e percentag e o f  eliminatio n test s beyon d 

chance . 

To put these data in context, the straight line at 48% shows the percentage of elimination tests that 

woul d b e expecte d give n us e o f  th e backtrackin g strateg y a s implemente d i n th e model .  Usin g th e 

modele d eliminatio n strateg y woul d lea d t o 1 0 0 % eliminatio n tests .  Th e modele d backtrackin g an d 

eliminatio n strategie s woul d resul t  i n value s o f  0  an d 4 8 % ,  respectively ,  fo r  th e percentag e o f 

eliminatio n test s beyon d chance .  Thu s i t  seem s tha t  th e tw o kind s o f  trainin g suggeste d b y th e 

model ,  relevan t  nod e an d R A A training ,  di d hel p peopl e us e eliminatio n mor e often .  I n fact ,  the y 

increase d th e above-chanc e us e o f  eliminatio n b y a t  leas t  a  facto r  o f  two . 

iTh e differenc e betwee n pretes t  an d post-tes t  score s wa s no t  use d a s a  dependen t  variabl e becaus e 

differen t  kind s o f  feedbac k wer e use d o n th e pretest s an d post-tests ,  an d ther e wer e m a n y fewe r 

pretest s tha n post-test s ( 4 vs .  24) . 
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This conclusion is further supported by analysis of other aspects of subjects performance on the 

post-tests .  Subject s i n th e relevan t  node/RA A conditio n als o mad e fewe r  test s an d too k longe r  t o 

make thei r  test s tha n subject s i n th e othe r  conditions .  Th e overal l  pictur e i s tha t  subject s i n th e 

relevan t  node/RA A conditio n wer e usin g eliminatio n extensively ,  whil e subject s i n th e othe r  fou r 

condition s use d i t  onl y slighti y abov e th e level s expecte d du e t o chance . 

Thus the experiment shows that in order to learn the elimination strategy in the network task, 

colleg e student s nee d explici t  trainin g tha t  convey s bot h o f  th e kind s o f  knowledg e suggeste d b y 

th e model ,  domain-specifi c  knowledg e o f  h o w th e node s worke d an d knowledg e o f  th e genera l 

R AA strategy .  Th e experimen t  supporte d th e mai n conclusio n base d o n th e mode l  -  tha t  learnin g 

eliminatio n depend s o n th e interactio n o f  bot h domain-specifi c  an d genera l  knowledge . 

Furthermore ,  no t  an y kin d o f  domain-specifi c  knowledg e wil l  help .  Onl y th e ke y domain-specifi c 

knowledg e highlighte d b y tiie  mode l  lead s t o increase d us e o f  elimination ,  whe n paire d wit h th e 

appropriat e genera l  strategy . 

CONCLUSION 
My initia l  questio n concerne d h o w domain-specifi c  an d general-purpos e knowledg e interac t  t o 

allo w learnin g o f  problem-solvin g strategie s i n nove l  domains .  Simulatio n modelin g prove d quit e 

helpfu l  i n thi s research .  I t  allowe d precis e identificatio n o f  th e kind s o f  domain-specifi c  an d 

genera l  knowledg e tha t  migh t  b e involve d i n learnin g a  particula r  troubleshootin g strategy , 

elimination .  Th e experimen t  supporte d th e mode l  an d suggeste d tha t  th e genera l  reductio-ad -

absurdu m strateg y an d certai n ke y domain-specifi c  knowledge ,  whe n learne d together , 

substantiall y  increas e th e us e o f  th e eliminatio n strategy .  Th e experimen t  reporte d her e als o 

provide s empirica l  suppor t  fo r  A I  model s suc h a s S O A R,  whic h sugges t  tha t  problem-solvin g 
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Strategies in a domain can be induced using domain-specific knowledge and very general problem-
solvin g strategie s (Lair d &  Newell ,  1983) .  Th e student s i n thi s experimen t  wer e no t  taugh t 
eliminatio n directly ;  rather ,  the y induce d i t  usin g domain-specifi c  knowledg e an d R A A . 

Because of the training design used in the experiment, this research can also suggest answers to 
educationa l  question s concernin g ho w genera l  problem-solvin g strategie s ca n b e taught .  On e suc h 
questio n i s whethe r  genera l  problem-solvin g strategie s ca n an d shoul d b e taugh t  independentl y o f 
domain-specifi c  knowledge .  Thi s researc h argue s agains t  a n extrem e "independence "  position ,  a t 
leas t  fo r  th e eliminatio n strategy .  Domain-specifi c  knowledg e wa s foun d t o b e essentia l  t o usin g 
th e genera l  R A A strateg y t o lear n elimination . 

Many avenues are open for further research. If research such as this is conducted on other 
strategie s an d othe r  domains ,  w e wil l  begi n t o fill  i n th e gap s i n ou r  understandin g o f  ho w domain -
specifi c  knowledg e an d genera l  strategie s interac t  i n proble m solving .  Also ,  on e coul d addres s th e 
questio n o f  whethe r  th e student s wh o learne d th e eliminatio n strateg y i n thi s experimen t  coul d 
transfe r  thi s knowledg e t o othe r  domains .  Eliminatio n i s a  general-purpos e strategy ,  whic h ca n b e 
use d i n man y kind s o f  troubleshootin g tasks ,  suc h a s computer-progra m debuggin g an d medica l 
diagnosis ,  a s wel l  a s i n searchin g fo r  los t  objects .  Perhap s becaus e thes e student s induce d th e 
eliminatio n strateg y fro m mor e basi c knowledge ,  the y woul d hav e a  dee p understandin g o f  i t  an d 
thu s b e abl e t o appl y i t  i n othe r  domains . 

This report is based on my dissertation, which was submitted to the Psychology Department at the 
Universit y o f  Michigan .  I  woul d lik e t o than k m y doctora l  committe e fo r  thei r  help ,  an d als o 
Irvin g Sige l  an d Dre w Gitome r  fo r  thei r  comment s o n thi s report . 
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