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Abstract 

This paper describes our model for diagnosis of student errors in statistical problem-

solving .  A  simulatio n o f  tha t  diagnosis ,  G I D E ,  i s  presente d togethe r  wit h empirica l 

validatio n o n studen t  solutions .  Th e mode l  consist s o f  tw o components .  A n "intention -

based "  diagnosti c componen t  analyze s solution s an d locate s error s b y tryin g t o synthesiz e 

studen t  solution s fro m knowledg e abou t  th e goa l  structur e o f  th e proble m an d relate d 

knowledg e abou t  plannin g errors .  Thi s approac h ca n accoun t  fo r  abou t  8 2 % o f  th e line s 

and ove r  9 5 % o f  th e goal s i n a  se t  o f  6 0 studen t  t-tests .  W h e n solution s contai n error s i n 

procedura l  implementatio n suc h plan-base d analysi s i s  quit e effective .  I n m a n y cases , 

however ,  student s d o no t  pursu e a n "appropriate "  solutio n path .  T h e diagnosti c model , 

therefore ,  include s a  secon d componen t  whic h i s  use d t o determin e whic h typ e o f  proble m 

th e studen t  i s  using ,  i t  i s  modele d b y a  spreadin g activatio n networ k o f  statistica l  knowledge . 

On a  sampl e o f  3 8 studen t  solutions ,  th e simulatio n correctl y identifie d 8 6 % o f  th e proble m 

types .  Th e mode l  appear s t o accoun t  fo r  a  wid e rang e o f  problem-solvin g behavio r  withi n 

th e domai n studied .  T h e preliminar y performanc e dat a sugges t  tha t  ou r  mode l  ma y serv e a s 

a usefu l  par t  o f  a n intelligen t  tutorin g system . 

In t roduc t io n 

An important part of problem-solving is the ability to detect and explain errors in proposed 

solutions .  Suc h "diagnostic "  abilit y ha s gaine d particula r  prominenc e fro m attempt s t o analyz e fault y 

problem-solvin g durin g nuclea r  powe r  plan t  failures .  However ,  a  simila r  typ e o f  skil l  constitute s a n 

importan t  par t  o f  th e dail y activit y i n almos t  an y classroom .  I n bot h settings ,  th e assumptio n i s  tha t 

we ca n lear n b y ou r  failures . 

Although the behavior is common, it is not simple. Diagnosis includes a wide range of general 

strategie s an d domai n specifi c  behaviors .  I n thi s paper ,  w e repor t  ou r  initia l  attempt s t o analyz e on e 

common typ e o f  instructiona l  diagnosis :  locatin g an d explainin g error s i n solution s t o statistic s 

problems . 

691 



SEBRECHTS &  SCHOOLER -  DIAGNOSIN G STATISTICA L ERRORS 

We will first describe the general principles that guide our conception of the task. They are 

base d o n bot h ou r  informa l  analysi s o f  exper t  protocol s i n statistic s an d o n reporte d strategie s i n th e 

literature .  Thes e principle s the n serv e a s th e basi s fo r  ou r  mode l  o f  diagnosis .  Tha t  mode l  i s mad e 

explici t  i n a  simulation .  Finally ,  w e repor t  test s o f  ou r  mode l  o n dat a collecte d fro m students . 

Thes e analyse s ar e mean t  t o provid e a  tes t  o f  sufficienc y only .  Additiona l  dat a wil l  b e neede d t o 

verif y a  mor e detaile d mappin g betwee n th e "process "  o f  ou r  implementatio n an d tha t  o f  experts . 

General Principles 

Before describing the diagnostic system, it should be noted that "diagnosis" covers a wide range 

of  problems .  It s mos t  familia r  us e i s i n medicine ,  an d substantia l  advance s hav e bee n mad e i n 

developin g a  mode l  o f  medica l  diagnosi s (Clancey .  1985 :  Clance y an d Lestinger ,  1984 :  Shortliffe , 

1976) .  Althoug h thi s researc h borrow s heavil y fro m th e medica l  domain ,  th e "diagnostic "  goal s ar e 

rathe r  different .  I n medicine ,  diagnosi s i s use d t o determin e th e underlyin g caus e o f  a  se t  o f 

symptoms .  I n th e cas e o f  statistic s (o r  othe r  situation s wher e w e ar e tryin g t o instruc t  th e student) , 

th e ultimat e diagnosti c goa l  i s  no t  onl y t o understan d th e sourc e o f  th e erro r  i n th e solution ,  bu t  t o 

specif y th e sourc e o f  th e erro r  wiif i  rexpcc l  l o ilt e sludenl' s conceptio n o f  ih c problem . 

O ur  mode l  o f  thi s typ e o f  diagnosi s i s guide d b y a  serie s o f  genera l  principle s abou t  th e natur e 

of  errors .  First ,  i t  i s  recognize d tha t  error s i n problem-solvin g ar e frequentl y systemati c rathe r  tha n 

random .  Eve n fo r  a n apparentl y simpl e domai n suc h a s subtraction ,  ther e ar e larg e number s o f 

potentia l  systemati c errors .  Frien d an d Burto n (1981) ,  fo r  example ,  liste d 11 0 primitive "  subtractio n 

error s whic h ca n lea d t o a  muc h large r  numbe r  o f  compoun d error s (Brow n &  Burton ,  1978 ; 

Burton ,  1982) .  Treatin g erro r  diagnosi s a s a  proble m o f  detectin g misdirecte d systematicit y make s i t 

possibl e t o develo p usefu l  strategie s fo r  isolatin g an d correctin g th e mistakes .  Th e mode l  o f  th e 

exper t  diagnosticia n mus t  therefor e includ e systemati c deviation s fro m correc t  procedure s a s par t  o f  it s 

knowledg e base . 

Second ,  a n erro r  is ,  a t  leas t  i n part ,  generate d b y it s context .  I t  i s  ofte n difficul t  t o sa y 

whethe r  o r  no t  a  particula r  actio n wa s appropriat e o r  inappropriat e withou t  knowin g th e reaso n fo r  it s 

inclusion .  Th e prototyp e cas e fo r  suc h reasonin g i s programming .  Ther e ar e a n infinit e numbe r  o f 

syntacticall y correc t  step s tha t  ar e possibl e i n eve n a  moderatel y comple x program .  However ,  th e 

number  o f  legitimat e step s fo r  a  particula r  progra m ar e fa r  mor e constrained . 

I n th e mor e genera l  cas e o f  problem-solving ,  i t  i s  ofte n difficul t  t o judg e th e correctnes s o f  a 

componen t  procedur e i n isolation .  I t  i s  therefor e necessar y t o embe d knowledg e o f  error s withi n a 

contex t  tha t  characterize s th e norma l  structur e o f  proble m solutions :  an d th e knowledg e o f  th e 

diagnosticia n mus t  someho w captur e tha t  embedde d structure .  Belo w i t  i s  argue d tha t  suc h a  contex t 

must  includ e a  proble m descriptio n an d associate d goa l  structur e i n orde r  t o captur e th e "intention "  o f 

th e student . 
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The third general principle is closely related to the second: solution strategies share many 

concept s i n c o m m o n .  Thi s mean s tha t  solutio n component s ca n b e viewe d a s par t  o f  comple x 

heterarchy .  Detectin g individua l  concept s o r  formula e wil l  no t  b e sufficien t  t o analyz e a  solution . 

Wit h respec t  t o ou r  model ,  thi s principl e argue s fo r  a  proces s o f  searc h tha t  i s goa l  an d pla n 

directed .  I t  i s  th e goal/pla n structur e tha t  disambiguate s th e rol e o f  a  procedure .  I t  i s  importan t  t o 

recogniz e tha t  thi s mode l  attempt s t o captur e "diagnosis "  b y a n instructor ;  tha t  proces s nee d not ,  an d 

usuall y doe s not ,  mimi c studen t  proble m solving .  Ther e i s evidenc e tha t  a n explici t  pla n structur e 

can improv e students '  performanc e i n programmin g (Miller ,  1978) ,  bu t  tha t  dat a actuall y suggest s tha t 

student s d o no t  usuall y follo w suc h systemati c plannin g i n thei r  unconstraine d problem-solving . 

The Intention-Based Approach 

These principles concerning the relationship of a knowledge base and error diagnosis served as 

th e basi s fo r  ou r  mode l  o f  diagnosi s i n statistic s (Sebrechts ,  Schoole r  &  LaClaire ,  1986 ;  Sebrechts , 

LaClaire ,  Schoole r  &  Soloway ,  1986) .  Thi s portio n o f  th e mode l  i s base d o n a  strateg y develope d b y 

Johnso n an d Solowa y (1985 )  i n th e real m o f  programmin g ( P R O U S T ) .  Thi s approac h i s calle d 

"intention-based "  diagnosis ,  sinc e i t  use s a  goa l  structur e tha t  represent s th e proble m th e studen t 

apparentl y "intended "  t o solve .  I n thi s approac h a  proble m i s describe d i n term s o f  a  serie s o f 

necessar y an d sufficien t  goals .  Th e goal s i n tur n hav e a  variet y o f  pla n implementations ,  bot h correc t 

and "buggy "  tha t  ca n b e use d t o describ e th e student' s solution .  Th e instructors '  knowledg e i s thu s 

describe d a s consistin g o f  knowledg e abou t  th e domai n an d knowledg e abou t  c o m m o n errors .  I n 

addition ,  error s ar e though t  t o b e understoo d withi n a  contex t  o f  goal s an d plans .  A  statement' s 

"meaning "  i s determine d relativ e t o th e broade r  solutio n context . 

The simulatio n fo r  statistics ,  calle d G I D E ,  analyze s a  solutio n b y attemptin g t o describ e h o w th e 

studen t  solutio n matches ,  o r  fail s  t o match ,  som e realizatio n o f  a n intende d solution .  Th e procedur e 

consist s o f  analysis-by-synthesis :  a n attemp t  i s mad e t o analyz e a  solutio n b y buildin g a  plausibl e 

descriptio n o f  ho w tha t  solutio n satisfie s th e goal s define d b y th e problem . 

For  eac h problem ,  G I D E ha s a  proble m descriptio n tha t  indicate s thos e goal s tha t  mus t  b e 

satisfie d b y an y correc t  solution .  G I D E attempt s t o find  som e satisfactio n o f  thos e goal s i n th e 

student' s solutio n b y testin g a  serie s o f  plans .  I f  n o correc t  solutio n i s located ,  G I D E trie s t o 

explai n th e discrepancy .  Thi s ca n b e don e b y tryin g "buggy "  plan s tha t  represen t  c o m m o n 

conceptua l  error s i n a  pla n (suc h a s confusin g standard-erro r  an d standard-deviation) ,  o r  b y examinin g 

"buggy "  rule s representin g c o m m o n mistake s acros s differen t  type s o f  plan s (suc h a s reversin g a  sig n 

i n a  computation) . 

G I D E attempt s t o exten d th e mode l  use d fo r  programmin g i n P R O U ST t o differen t  domains . 

Studen t  solution s i n statistic s diffe r  i n numerou s way s fro m programmin g solutions .  First ,  student s 

frequentl y leav e ou t  steps .  Component s tha t  ar e obvious "  o r  ca n b e calculate d mentall y ar e lef t  out . 

I n addition ,  ther e i s a  ver y loos e syntax ,  whic h allow s frequen t  change s i n construction .  I n contras t 
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to most programming languages, students use assignment to values, they include free (unbound) 

expression s i n thei r  solutions ,  an d the y occasionall y chang e th e symbol s the y ar e using .  Thes e ar e 

al l  component s tha t  ca n b e analyze d successfull y b y teachin g assistants . 

I n orde r  t o handl e th e wid e rang e o f  expression s used ,  G I D E ca n matc h a  procedur e i n severa l 

ways .  T h e firs t  strateg y i s t o loo k fo r  a n appropriat e symboli c structure .  I f  a  studen t  write s "Std E 

= 2 0 /  sqr t  n" ,  G I D E wil l  matc h thi s t o it s interna l  representatio n o f  on e for m fo r  standar d erro r 

(?S e =  ?S d /  sqr t  ?count) .  Anothe r  wa y i n whic h th e studen t  ma y indicat e th e standar d erro r  i s b y 

usin g th e appropriat e values .  Th e for m " 5 =  2 0 /  4 "  .woul d als o b e recognize d a s standar d erro r  i f 

?Sd ha d bee n previousl y boun d t o 2 0 an d ?coun t  ha d bee n boun d t o 16 .  Finally ,  i f  a  pla n i s no t 

satisfie d symbolicall y o r  b y value ,  G I D E wil l  attemp t  t o fin d a  fre e expression .  Thus ,  fo r  example , 

th e "-14 "  o n lin e 9  o f  Figur e 2 ,  i s  recognize d a s a  deviatio n score . 

I n orde r  t o handl e step s tha t  ar e lef t  out ,  G I D E use s "implici t  matching" .  G I D E contain s a 

dependenc y tre e tha t  show s th e relationshi p a m o n g knowledg e o f  concepts :  fo r  example ,  determinin g 

th e varianc e require s th e sum-of-squares .  I f  th e studen t  include s i n thei r  solutio n th e correc t 

variance ,  bu t  no t  th e sum-of-squares ,  G I D E infer s tha t  th e studen t  understand s th e sum-of-squares . 

Th e detail s o f  thes e technique s ar e describe d i n Sebrechts ,  Schoole r  an d LaClair e (1986) .  Her e w e 

wil l  focu s o n th e empirica l  outcom e o f  thi s genera l  approach . 

Empirical Tests of Plan Analysis 

In order to evaluate our diagnostic model, we examined GIDE's performance on a series of 43 

solution s collecte d fro m student s i n a n introductor y statistic s course .  I n orde r  t o examin e th e type s o f 

plan s neede d fo r  differen t  solutio n strategie s w e use d rw o testin g conditions .  I n th e firs t  conditio n 

(calle d "Directed" )  th e proble m wa s accompanie d b y a  se t  o f  direction s indicatin g th e appropriat e step s 

fo r  solution ,  an d wa s simila r  t o a  homewor k assignment .  I n th e secon d conditio n ("Undirected" ) 

another  proble m wa s give n a s a n exa m proble m withou t  an y accompanyin g materials . 

Th e specifi c  statistica l  proble m w e hav e examine d i s a  repeated-measure s t-test .  Thi s typ e o f 

proble m attempt s t o determin e whethe r  o r  no t  ther e i s a  reliabl e differenc e betwee n tw o measurement s 

on th e sam e group .  Fo r  example ,  yo u migh t  us e thi s tes t  t o determin e i f  a  trainin g progra m ha s 

improve d th e efficienc y o f  worker s b y measurin g efficienc y befor e an d afte r  trainin g (Figur e I) . 

Studen t  solution s wer e writte n o n pape r  an d wer e code d directl y int o G I D E .  A n exampl e 

solutio n fro m eac h o f  th e tw o condition s i s show n i n Figure s 2  an d 3 .  Th e onl y informatio n adde d 

by G I D E ar e lin e number s fo r  reference .  G I D E s outpu t  fo r  th e tw o solution s i s include d wit h eac h 

solution . 

Bugg y Solutions .  No t  surprisingly ,  a  greate r  percentag e o f  solution s ha d bug s i n th e 

"undirected "  condition .  O f  thos e solution s wit h bugs ,  however ,  th e greates t  percentag e i n bot h 

condition s consiste d o f  missin g an d implici t  goals .  A n implici t  goa l  i s  on e tha t  i s no t  explicitl y  state d 

but  i s obviou s fro m othe r  concepts .  Fo r  example ,  i n orde r  t o comput e a n average ,  th e studen t  mus t 

kno w th e sum .  G I D E catche s ove r  9 0 % o f  suc h implici t  goal s base d o n it s knowledg e o f 
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Proble m Statement : 

An employer at an automotive plant is interested in determining 

whethe r  o r  no t  a  trainin g progra m ca n improv e efficienc y o f  hi s 

employees .  H e ha s trie d i t  ou t  tentativel y fo r  fou r  wor k group s 

i n on e o f  th e plants .  Belo w ar e th e result s o f  th e trial : 

efficienc y i s measure d b y a  standardize d tes t  rangin g fro m I 

(extremel y efficient )  t o 2 5 (extremel y inefficient) .  Determin e 

whethe r  o r  no t  ther e i s a  reliabl e chang e i n efficiency . 

W o rk G r o u p 

A 
B 

C 
D 

Pre-Trainin g 

14 

19 
16 
18 

Post-Training 

9 
7 

10 
5 

Post  M inu s Pr e 

-5 
-1 2 

-6 
-1 3 

Figur e 1 .  A n exampl e o f  a  repeated-measure s t-test . 

dependencies .  Missin g goal s ar e thos e tha t  neve r  appea r  i n th e solutio n an d ar e no t  implicit .  G I D E 

catche s a  moderatel y hig h numbe r  o f  suc h goal s ( 7 1 % an d 8 6 % fo r  directe d an d undirecte d problem s 

respectively) .  Th e mai n reaso n wh y performanc e i s no t  highe r  i s tha t  th e mechanis m fo r  implici t 

matchin g i s to o powerful .  I t  occasionall y give s credi t  fo r  knowin g a  concep t  tha t  i s  actuall y no t 

eviden t  i n th e studen t  solution . 

G I D E wa s abl e t o detec t  al l  o f  th e relativel y smal l  numbe r  o f  specifi c  pla n errors .  Ther e were , 

however ,  importan t  difference s betwee n th e type s o f  error s generate d i n th e tw o conditions ,  a s ca n b e 

seen i n Figur e 4 .  Fo r  Directe d problems ,  th e error s tende d t o b e mor e lo w level ,  involvin g failure s 

i n computationa l  plans .  I n th e Undirecte d case ,  student s tende d t o mak e highe r  leve l  mistakes .  Fo r 

example ,  i n Figur e 3 ,  th e studen t  confuse d th e standar d deviatio n wit h th e standar d error . 

Problem-Recognition Through an Associative Network 

GIDE performed extremely well on the set of problems initially provided. As we began to 

exten d th e domai n o f  G I D E s capabilities ,  however ,  w e discovere d tha t  th e syste m coul d becom e 

involve d i n extensiv e searche s tha t  wer e no t  reflecte d i n ou r  protocol s o f  experts .  W h e n w e teste d 

expert s o n thes e problems ,  the y woul d say ,  "thi s studen t  i s usin g th e wron g kin d o f  test" ,  befor e 

doin g a  carefu l  analysis .  I n brief ,  ther e wa s a  proble m recognitio n phas e tha t  wa s no t  capture d b y 

th e systemati c approac h o f  G I D E . 

Of  course ,  G I D E ca n manag e t o ge t  aroun d thi s difficult y b y a n exhaustiv e search .  However , 

suc h a  searc h woul d eliminat e th e heuristi c valu e o f  intention-base d diagnosis .  A s a  consequenc e i t 
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Directe d Studen t  Solutio n (i d #48 ) Undirecte d Studen t  Solutio n (i d 1̂2 ) 

1: 

2: 

3: 
4 

5 

6 
7 

8 
9 

10 
11 
12 

13 
14 

15 

16 
17 

18 
19 
20 
2! 

22 

-5 
-1 2 

-6 

-1 3 
n 
4 

- 6 -t -  -1 3 -1 -  - 5 -1 -  -1 2 = 

d dba r 

-1 4 

-2 1 

-1 5 
-2 2 

d dbar 2 

'19 6 

441 

225 
484 

1346 

1346/ 3 =  44 8 =  s 2 

sqr t  44 8 =  2 1 =  s 

sdba r  =  21/ 2 =  1 1 

-9/1 1 =  t 

= -3 6 

The averag e wa s implicitl y  include d i n you r 

solution . 

Your  calculatio n o f  th e deviation s wa s 

incorrect .  A  usefu l  wa y t o avoi d thi s mistak e 

i s t o not e tha t  th e su m o f  th e deviation s 

shoul d alway s equa l  0 .  Th e su m o f  you r 

calculate d deviation s equal s 72. 0 

I n th e proces s o f  calculatin g th e standar d 

deviation ,  yo u adde d th e individua l  deviatio n 

score s t o th e mea n o f  th e deviations :  instead , 

you shoul d hav e subtracte d th e mea n o f  th e 

deviation s fro m th e individua l  deviatio n scores . 

For  example ,  where  yo u hav e -14 ,  yo u shoul d 

hav e 4.0 . 

Thes e erroneou s value s wer e use d t o complet e 

th e analysis . 

1 

2 

3 
4 

5 
6 
7 

8 
9 

10 
11 

12 

13 
14 

15 
16 
17 

18 
19 

20 
21 
22 

23 
24 

d 
:  - 4 

- 8 
:  - 4 

- 4 

-2 0 =  su m d 

X dba r 

'  1 

3 
1 
1 

X dbar 2 

'  1 

9 

1 

1 

ss =  1 2 

dbar  =  - 5 

t  =  (dba r  Uo) /  sdba r 

Sd =  sqr t  (12/3 )  =  sqr t  4  =  2 

sdba r  =  sd/sqr t  n  =  2/sqr t  4  =  1 

t  =  -5/ 2 =  -2. 5 

alph a =  0.0 5 

tcri t  =  3.1 8 

The coun t  o f  th e observation s wa s implicitl y 

include d i n you r  solution . 

The varianc e wa s implicitl y  include d i n you r 

solution . 

On lin e 22 .  whe n calculatin g th e t  statistic , 

you substitute d th e standar d deviatio n fo r  th e 

standar d error . 

Thi s erroneou s valu e wa s use d t o complet e th e 

analysis . 

Figur e 3 :  Studen t  solutio n (i d ffl )  an d GIDE s 

associate d comments . 

Figur e 2 :  Studen t  Solutio n (i d #48 )  an d 

G I D Es associate d comments . 
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G I D E ' s Performanc e 

Criteria Directed Undirected 

Solutions 

Total number of solutions 43 17 

Tota l  receivin g complet e analysi s 4 3 (100.0% )  1 6 (94.0% ) 

Tota l  receivin g partia l  analysi s 0  (0.0% )  1  (6.0% ) 

Goals 

Total number of goals in solutions 445 216 

Tota l  numbe r  o f  goal s correctl y analyze d 44 3 (99.5% )  20 7 (96.0% ) 

Tota l  numbe r  o f  goal s incorrectl y analyze d 2  (0.5% )  9  (4.0% ) 

Lines 

Total number of lines included in solutions 1203 403 

Tota l  numbe r  o f  line s correctl y interprete d 98 6 (82.0% )  32 9 (81.6% ) 

Tota l  numbe r  o f  line s misinterprete d 1  (0.0% )  9  (2.2% ) 

Tota l  numbe r  o f  line s unaccounte d fo r  21 6 (18.0% )  6 5 (16.1% ) 

Bugs 

In solutions: 

tota l  numbe r  o f  solution s wit h bug s 2 7 (62.8% )  1 7 (100.0% ) 

tota l  numbe r  o f  bug s 6 9 9 1 

missin g goal s 2 8 (40.5% )  3 7 (40.6% ) 

implici t  goal s 3 5 (50.7% )  4 8 (52.7% ) 

pla n error s 6  (8.6% )  5  (5.5% ) 

errorneou s solution s 0  (0.0% )  1  (1.1% ) 

Detected: 

tota l  numbe r  o f  bug s detecte d 5 8 (84.0% )  8 4 (92.0% ) 

missin g goal s 2 0 (71.4% )  3 2 (86.5% ) 

implici t  goal s 3 2 (91.4% )  4 7 (97.9% ) 

pla n error s 6  (100.0% )  5  (100.0% ) 

erroneou s solution s 0  I  (100.0% ) 

fals e alarm s 8  4 

Figure 4: Summary of GIDEs performance on directed and undirected student solutions. 
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would require a knowledge base and search times that are unreasonable as parts of a psychological 

model  o f  th e task . 

I n m a n y cases ,  althoug h th e proble m descriptio n doe s sugges t  wha t  th e studen t  i s tryin g t o do , 

i t  doe s no t  captur e th e strateg y tha t  th e studen t  select s towar d tha t  end .  Expert s appea r  t o b e abl e t o 

recogniz e h o w statement s ar e relate d t o mor e globa l  problems .  Thi s wa s demonstrate d i n th e cas e o f 

programmin g b y Adelso n (1981) .  Sh e foun d tha t  althoug h novice s groupe d progra m statement s 

syntactically ,  expert s groupe d statement s accordin g t o th e program s fro m whic h the y wer e derived .  I n 

term s o f  ou r  diagnosti c problem ,  thi s implie s tha t  expert s shoul d b e abl e t o recogniz e th e typ e o f 

solutio n bein g presente d b y examinin g constituen t  statements . 

Thi s i s consisten t  wit h th e proble m analysi s w e hav e observe d i n statistics .  Th e instructo r  tend s 

t o classif y solution s fairl y  quickly ,  frequentl y wit h referenc e t o specifi c  aspect s o f  th e solution .  Ou r 

model  o f  h o w thi s occur s i s tha t  th e diagnosticia n scan s throug h th e problem ,  identifyin g th e 

componen t  term s o f  th e solution .  Eac h ter m provide s som e degre e o f  activatio n fo r  associate d 

concepts .  T h e proble m typ e tha t  receive s th e highes t  leve l  o f  activatio n durin g scannin g i s selecte d a s 

th e appropriat e response . 

We hav e simulate d thes e processe s b y a  networ k structur e whic h consist s o f  letters ,  symbol s 

("words") ,  goals ,  an d proble m types .  T h e basi c laye r  structur e i s simila r  i n concep t  t o tha t  describe d 

by McClellan d (1979 )  i n hi s cascad e model .  Node s a t  eac h leve l  hav e excitator y link s t o node s a t 

th e nex t  highe r  level .  I n addition ,  ther e ar e reciproca l  link s fro m symbol s ("words" )  t o individua l 

letter s a s i n th e McClellan d an d Rumelhar t  (1981 )  model ,  bu t  i n contras t  t o thei r  model ,  ther e ar e 

no inhibitor y links .  (Likewis e ou r  mode l  doe s no t  includ e an y phoneti c o r  morphemi c information. ) 

T h e mode l  i s constraine d b y th e fac t  tha t  it s  onl y recognitio n capabilit y  i s  th e particula r 

statistica l  domai n o f  interest .  Ther e ar e a t  leas t  tw o plausibl e way s t o characteriz e thi s network .  I t 

ca n b e viewe d a s a  subse t  o f  a  mor e complet e "reading "  networ k i n whic h th e domain-relevan t 

element s hav e highe r  initia l  activatio n levels :  a s such ,  onl y thos e initiall y  activate d node s ar e relevant . 

Alternatively ,  i t  ca n b e viewe d a s a  domain-specifi c  networ k fo r  statistic s whic h i s activate d mor e o r 

les s a s a  unit .  T h e mode l  doe s no t  mak e an y differentiatio n betwee n thos e options . 

At  th e beginnin g o f  a  particula r  proble m type ,  G I D E ' s goa l  structur e i s use d t o construc t  th e 

appropriat e network .  Thi s proces s ca n b e though t  o f  a s potentiatin g th e portion s o f  th e networ k tha t 

ar e relevan t  t o th e statistic s problems .  Base d o n th e proble m description ,  eac h goa l  i s  linke d t o it s 

subgoals .  Thus ,  fo r  example ,  th e goa l  fo r  Standard-Deviatio n woul d b e linke d t o th e subgoal s o f 

M e a n,  Count ,  Sum-of-Squares .  Th e goal s an d subgoal s ar e likewis e linke d t o associate d symbols . 

Standard-Deviatio n i s linke d t o th e symbo l  Std" ,  a  c o m m o n abbreviation .  Finally ,  eac h symbo l  i s 

linke d t o it s constituen t  lette r  nodes ,  whic h indicat e bot h th e characte r  an d th e positio n o f  eac h letter . 

So.  th e lette r  nod e 's- '  woul d indicat e a n initia l  s "  an d woul d activat e th e "Std "  symbol ,  wherea s 

th e lette r  nod e "-s "  indicate s a  termina l  s "  an d woul d no t  directl y activat e Std" . 

O n ce th e networ k i s establishe d i n thi s way ,  eac h o f  th e symbol s i n th e solutio n i s "read "  an d 

decompose d int o it s constituen t  letters .  T h e relate d symbol s an d goal s ar e the n activate d throug h 
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spreading activation following a reduced version of the general model described by Anderson (1983a: 

1983b )  fo r  A C T * .  Ther e ar e n o direc t  connection s betwee n letters ,  bu t  on e lette r  ca n indirectl y 

activat e anothe r  lette r  throug h a  symbo l  o r  goal .  Th e networ k i s ru n a s thoug h activatio n occurre d 

i n parallel .  Followin g th e sprea d o n eac h cycle ,  al l  element s ar e decayed .  Thi s result s i n a 

dynami c se t  o f  activatio n level s whic h ar e update d a s th e line s ar e "scanned. " 

Thi s networ k approac h t o recognitio n make s sens e i n ligh t  o f  behavior s w e hav e observed . 

Statistic s include s a  se t  o f  fairl y  c o m m o n symbols .  However ,  unlik e th e cas e o f  readin g Englis h i n 

whic h word s an d non-word s ar e differentiated ,  i n statistic s ther e ar e numerou s deviation s fro m thos e 

symbols ,  dependin g o n idiosyncracie s o f  individua l  students .  Spreadin g activatio n help s t o captur e 

suc h deviation s a s wel l  a s t o locat e mino r  error s withou t  havin g t o anticipat e al l  possibl e form s o f 

eac h symbol .  Thus ,  fo r  example ,  "d-dbar "  i s a n appropriat e for m fo r  finding a  deviatio n scor e i n a 

repeate d measure s t-test .  S o m e student s us e "x-dbar" ,  whic h m a y indicat e eithe r  a  differen t  notatio n 

or  a n erro r  i n th e procedure .  I n eithe r  case ,  i t  doe s sugges t  tha t  th e studen t  i s gettin g deviatio n 

score s bas e o n th e mea n o f  deviation s ("dbar") .  W h e n th e networ k i s presente d wit h "x-dbar "  i t  wil l 

activat e "d-dbar "  give n th e stron g similarit y o f  th e tw o symboli c expressions . 

Empirical Tests of Network Activation Analysis 

In order to evaluate this portion of the model, we conducted network activations on 38 student 

solutions .  Th e networ k include d fou r  standar d statistica l  test s tha t  serve d a s proble m types :  repeated -

t ,  independent-t ,  repeate d A N O V A,  an d independen t  A N O V A.  W e compare d th e highes t  goa l 

activatio n leve l  i n th e networ k wit h categorizatio n b y th e tw o authors .  O n average ,  th e syste m wa s 

abl e t o identif y 8 6 % o f  th e problem s correctly .  I t  wa s mor e successfu l  a t  identifyin g repeated -

measure s t-test s ( 9 5 % )  tha n independen t  sampl e t-test s ( 7 5 % ) .  Thi s i s du e t o th e fac t  tha t  repeate d 

measure s t-test s i n ou r  sampl e ar e usuall y conducte d usin g deviatio n scores :  th e term s associate d wit h 

thos e deviation s ar e mor e distinc t  tha t  th e term s i n th e independen t  t-test . 

Informa l  analysi s suggest s tha t  thi s performanc e i s roughl y comparabl e t o tha t  o f  a  teachin g 

assistant .  M o r e importantly ,  th e problem s tha t  ten d t o creat e th e greates t  difficult y fo r  instructor s ar e 

als o thos e tha t  provid e th e leas t  differentiatio n fo r  th e simulation .  Likewis e th e simulation s 

microbehavio r  reflect s sensibl e change s i n th e relativ e activation s o f  differen t  goal s a s line s ar e 

scanned .  Figur e 5  show s a  trac e o f  activatio n level s fo r  fou r  type s o f  statistica l  test .  Throug h 

symbol  lin e 14 ,  th e syste m indicate s roughl y equa l  activatio n fo r  repeate d an d independen t  t-tests . 

Thi s i s becaus e mos t  o f  th e symbol s ar e c o m m o n t o bot h tests .  Th e presenc e o f  S I J M X 2 an d 

X B A R2 ha s provide d slightl y greate r  activatio n fo r  independent-t ,  sinc e repeated- t  i s  usuall y 

constructe d wit h deviatio n score s rathe r  tha n a  secon d se t  o f  sums .  D B A R (line s 2 0 an d 2 5 i n 

Figur e 5 ) ,  however ,  i s  th e mea n deviatio n scor e an d i s use d onl y i n repeated-t .  A s a  consequenc e 

th e final  solutio n i s judge d t o b e a  repeate d t  base d o n overal l  activation .  Sinc e thes e test s ar e i n 

fac t  quit e similar ,  an d th e studen t  ha s use d symbol s c o m m o n t o both ,  a s w e woul d expect ,  th e 

activatio n difference s ar e no t  ver y large . 
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Activatio n Leve l  Analysi s o f  Studen t  Solutio n # 1 6 

Studen t  Solutio n 

1 
2 

3 
4 

5 
6 
7 

8 
9 

10 
11 
12 

d 
4 

8 
4 

4 

su m > 

nl  = 

xbar l 

ss = 

alph a 

sumx^ 

n2 = 

;1 =  4 2 

4 

= 10, 5 

29 

0.0 5 
1 

4 

13 xbar 2 = 5 . 5 

14 s s =  5 

15 n  =  4 

16 k  =  2 

17 alph a =  .0 5 

18 su m d  =  2 0 

19 n d =  4 

20 dba r  =  5 

2!  s s =  1 2 

11 s d =  sqr t  (l2/(n-l) ) 

23 sdba r  =  sqr t  (12/3 )  =  2 

24 sdba r  =  2/sqr t  4  =  1 

25 t  =  (dbar-ud)/sdba r  =  (5-0)/ 1 = 5 

Goal  Activatio n Level s 

Symbol s i n 

Solutio n 

D 
XI 
Nl 
X B A RI 

SS 
ALPHA 
S U M X2 
N2 
XBAR2 

SS 
N 
K 
ALPHA 

D 
ND 
DBAR 

SS 
SD 
N 
SDBAR 
SDBAR 

T 
DBAR 

Repeate d 
t-tes t 

0. 0 

0.03 6 

0.01 2 

0.36 3 

0.18 8 

0.11 2 

0.02 9 

0.00 6 

0.15 7 

0.11 2 

0.07 2 

0.49 1 

0.23 0 

0.23 0 

0.97 5 

0.87 3 

0.30 9 

0.98 9 

0.63 3 

0.95 5 

1.64 0 

3.47 1 

2.61 2 

Independen t 

t-tes t 

0. 0 

0.03 5 

0.01 2 

0.55 4 

0.37 8 

0.14 4 

0.76 0 

0.46 1 

0.88 7 

0.47 1 

0.30 2 

0.63 8 

0.25 4 

0.25 4 

0.10 4 

0.60 4 

0.20 4 

0.12 3 

0.07 9 

0.48 4 

0.87 7 

2.98 2 

1.85 5 

Repeate d 

A N O VA 

0. 0 
0. 0 
0. 0 

0.10 0 
0.02 1 

0.00 4 

0.00 0 

0.00 0 

0.04 7 

0.01 0 

0.00 6 

0.00 4 

0.00 1 

0.00 1 

0.00 0 

0.09 2 

0.01 9 

0.00 4 

0.00 3 

0.09 0 

0.14 3 

0.09 2 

0.20 8 

Independen t 

A N O VA 

0. 0 
0. 0 
0. 0 

0.02 8 
0.40 5 
0.33 8 
0.04 8 
0.01 0 
0.01 4 

0.35 ! 

0.22 4 

0.14 4 

0.29 1 

0.29 1 

0.11 9 

0.04 1 

0.35 0 

0.29 7 

0.19 0 

0.06 5 

0.06 6 

0.04 2 

0.06 9 

Figur e 5 :  A  trac e o f  goa l  activatio n level s fo r  a  line-by-lin e evaluatio n o f  a  studen t  problem . 
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Initial problem recognition is good, but it should be noted that there are several assumptions 

implici t  i n thes e results .  I n thi s analysis ,  w e hav e assume d tha t  th e highes t  activatio n leve l  i s  th e 

appropriat e characterizatio n o f  th e goa l  selection .  Th e reasonin g behin d thi s approac h i s tha t  a n 

exper t  actuall y scan s a  proble m i n a  non-linea r  fashion .  T h e problem-typ e i s define d b y focusin g o n 

th e mos t  salien t  feature s i n th e problem .  I n th e simulation ,  salienc e i s describe d b y pea k activation . 

Our  analysi s suggest s tha t  th e simulatio n ca n handl e studen t  solution s i n way s simila r  t o tha t  o f  a n 

instructor .  However ,  additiona l  dat a wil l  b e neede d t o confir m th e mode l  a t  a  proces s level . 

Summary and Conclusions 

We have presented two components of what we believe to be a reasonable characterization of 

diagnosi s fo r  statistics .  T h e combinatio n o f  "automatic "  proble m recognitio n an d mor e deliberat e 

goal-directe d searc h i s consisten t  wit h othe r  theorie s i n psychology .  Th e genera l  distinctio n ha s bee n 

par t  o f  psychologica l  model s fo r  a  numbe r  o f  year s (Shiffri n &  Shneider ,  1977) .  Onl y recently , 

however ,  hav e thes e component s bee n integrate d int o a  mode l  tha t  attempt s t o accoun t  fo r  proble m 

solvin g (Hun t  &  Lansman ,  1986) .  Despit e substantia l  advance s i n th e developmen t  o f  lo w leve l 

model s o f  processin g (McClelland ,  Rumelhart ,  an d th e P D P Group ,  1986) ,  ther e i s stil l  a  cas e t o b e 

made fo r  separatin g automati c associativ e processin g fro m goal-base d knowledg e (Norman ,  1986 ,  call s 

thi s "deliberat e consciou s control") . 

Thi s tw o componen t  mode l  als o exhibit s behavio r  tha t  i s  comparabl e i n man y way s t o tha t  o f 

instructors .  Th e goal-direction ,  "intention-based "  aspec t  provide s a  wa y t o accoun t  fo r  a  rang e o f 

errors .  Thi s approac h provide s analysi s o f  ove r  8 0 % o f  th e individua l  line s an d almos t  al l  o f  th e 

goal s i n a  se t  o f  t-test s tha t  w e hav e collecte d fro m students .  Observatio n o f  instructors ,  however , 

indicate s tha t  the y ar e abl e t o selec t  individua l  type s o f  procedure s b y scannin g th e problem .  W e 

hav e modelle d thi s behavio r  a s th e spreadin g activatio n o f  a n associativ e networ k o f  letters ,  symbol s 

("words") ,  goal s an d proble m types .  Usin g highes t  leve l  o f  activatio n a s th e criterio n fo r  goa l 

selection ,  thi s metho d ca n correctl y identif y 8 6 % o f  th e problem s tested .  I n orde r  t o serv e a s a  goo d 

psychologica l  model ,  difficultie s encountere d b y th e simulatio n shoul d mirro r  thos e o f  instructors . 

Our  preliminar y observation s confir m tha t  match ,  althoug h i t  wil l  b e necessar y t o verif y th e behavio r 

wit h a  large r  sampl e o f  independen t  judges . 

Althoug h th e mode l  ha s me t  reasonabl e performanc e criteria ,  i t  i s  no t  a n exhaustiv e mode l  o f 

diagnosis ,  an d ther e ar e a t  leas t  tw o importan t  qualification s o n th e results .  First ,  th e tw o 

component s o f  th e model ,  automati c recognitio n an d goal-base d reasoning ,  ar e currentl y onl y weakl y 

linke d i n th e simulation .  O u r  mode l  o f  thes e component s woul d sugges t  greate r  interactio n betwee n 

th e components ,  i n a  manne r  simila r  t o Hun t  an d L a n s m a n s (1986 )  production-activatio n model . 

The activatio n level s availabl e durin g problem-scannin g shoul d b e use d t o provid e mor e specifi c 

directio n t o th e deliberat e search .  I n th e curren t  simulatio n thos e level s ar e onl y use d t o selec t 

among proble m type s a t  th e globa l  level .  Second ,  th e dat a w e hav e reporte d dea l  wit h a  relativel y 

circumscribe d proble m spac e i n statistics :  additiona l  dat a wil l  b e neede d t o demonstrat e th e generalit y 

of  th e model . 
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The proposed model seems to provide a reasonable approximation to several important aspects of 

diagnosis .  Th e "intention-based "  componen t  o f  th e mode l  ha s no w bee n validate d i n bot h 

programmin g (Solowa y &  Ehrlich ,  1984 ;  Sac k e t  al. ,  i n prep. )  an d i n statistics .  Th e spreadin g 

activatio n componen t  ha s no t  bee n explicitl y  validate d outsid e o f  statistic s i n it s curren t  form ,  bu t  i t 

has bee n show n t o b e o f  genera l  utilit y  a s a  mode l  fo r  differen t  kind s o f  psychologica l  processe s 

(Anderson .  1983b) .  Extendin g th e mode l  w e hav e describe d her e shoul d prov e usefu l  fo r  th e 

developmen t  o f  intelligen t  tutorin g systems . 
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