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I n mos t  domain s o f  knowledge ,  th e proces s b y 
whic h someon e learn s t o becom e mor e exper t  i s  rela -
tivel y constrained .  Peopl e lear n th e basi c concept s 
befor e the y lear n th e mor e comple x ones .  The y lear n 
th e simple ,  eve n thoug h inefficient ,  method s fo r  doin g 
thing s befor e the y lear n th e efficien t  bu t  mor e com -
ple x methods . 

These constraints in the process of learning reflect 
th e structur e o f  precedence ,  o r  o f  increasin g complex -
it y amon g knowledg e items .  Thi s structur e ca n b e re -
garde d i n term s o f  implications :  th e knowledg e o f 
some comple x concep t  implie s th e knowledg e o f  som e 
other ,  mor e simpl e concept .  Similarly ,  th e usag e o f 
an inefficien t  metho d implie s tha t  another ,  mor e effi -
cien t  metho d i s no t  known . 

Obviously, the structure of implications among 
knowledg e item s i s o f  extrem e importanc e fro m a 
pedagogica l  poin t  o f  view .  I t  dictate s th e orde r  i n 
whic h t o teac h thos e items .  I t  i s  als o o f  grea t  impor -
tanc e fo r  knowledg e assessment ,  sinc e i t  i s b y suc h a 
sUiictur e tha t  a  tuto r  ca n infe r  wha t  i s o r  isn' t  known , 
and tes t  jus t  th e righ t  knowledg e item s suc h tha t  th e 
resul t  wil l  yiel d th e mos t  informatio n abou t  th e 
individual' s stat e o f  knowledge . 

Structures that represent precedence, or increasing 
complexit y o f  knowledg e items ,  ar e wel l  know n i n 
educatio n (se e Tatsuoka ,  1985 )  an d have ,  i n fact ,  al -
read y bee n use d i n human-compute r  interactio n t o 
automaticall y infe r  use r  knowledg e o f  a  syste m 
(Zisso s &  Witten ,  1986 ;  Chin ,  1986) .  Forma l  prop -
ertie s o f  implicatio n structure s hav e als o bee n investi -
gate d b y Doigno n &  Falmagn e (1985) .  S o far ,  th e 
mai n approac h ha s bee n t o construc t  thes e structure s 
intuitively ,  base d o n someone' s experienc e o f  ho w th e 
knowledg e item s ar e interrelate d o r  o n som e evaluatio n 
of  knowledg e ite m complexity .  Anothe r  approac h ha s 
been t o us e text-books ,  cours e content ,  o r  doc -
umentatio n t o verif y th e orderin g i n whic h knowledg e 
item s ar e introduce d an d t o conside r  thi s a s a  basi s fo r 

th e knowledg e structure .  Fo r  instance ,  Pave l  (1985 ) 
constructe d a  knowledg e structur e fro m th e automati c 
analysi s o f  U N I X ™ on-Un e documentation .  Ou r  ap -
proach ,  simila r  t o tha t  o f  Pave l  (1985) ,  i s  base d how -
eve r  o n empirica l  dat a (se e Desmarai s &  Pavel ,  1987 , 
fo r  a  previou s stud y wit h th e curren t  approach) .  W e 
wil l  sho w h o w t o construc t  suc h a  structur e fro m dat a 
on a  numbe r  o f  individuals '  knowledg e o f  a  domain . 
Thi s approac h ha s th e advantag e o f  no t  bein g biase d 
by subjectiv e judgmen t  abou t  th e precedenc e o r  com -
plexit y o f  knowledg e items .  Moreover ,  give n dat a o n 
a numbe r  o f  individuals '  knowledg e states ,  th e whol e 
proces s o f  knowledg e structur e constructio n ca n b e 
automatized . 

This paper thus presents an empirical assessment 
of  th e methodolog y fo r  constructin g knowledg e struc -
ture s fro m dat a o n individuals '  knowledg e state .  W e 
wil l  demonstrat e ho w suc h structure s ca n b e buil d an d 
ho w efficien t  the y ar e fo r  inferrin g a  singl e individua l 
knowledg e stat e fro m partia l  knowledg e o f  tha t  state . 

THE KNOWLEDGE STRUCTURE 

The knowledge structure is composed of knowl-
edg e items .  N o constraint s i s impose d o n th e defini -
tio n o f  knowledg e items .  The y ca n represen t  th e 
comprehensio n o f  conceptua l  informatio n a s wel l  a s 
th e abilit y  t o perfor m som e task .  Al l  tha t  matter s i s 
tha t  th e knowledg e item s defin e th e knowledg e domai n 
i n som e meaningfu l  an d complet e way . 

The knowledge items are related to one another by 
tw o type s o f  binar y relations :  th e logica l  implication s 
(o r  simpl y "implications" )  whic h state s tha t  A  implie s 
B,  an d th e negativ e implications ,  whic h state s tha t  A 
implie s no t  B .  Thos e relation s for m th e knowledg e 
structur e i n question ,  whic h w e wil l  cal l  th e im -
plicatio n network . 
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Logica l  Implication s 

Probably the most important types of relation for 
knowledg e assessment  ar e tha t  o f  precedenc e an d o f 
increase d complexit y amon g knowledg e items .  Thos e 
wil l  b e represente d b y logica l  implication s i n th e 
implicatio n network ,  i n s o fa r  a s the y permi t  th e 
inferenc e o f  item s tha t  ar e know n o r  not .  I n othe r 
words ,  precedenc e o r  increase d complexit y fro m A  t o B 
correspond s t o a  logica l  implicatio n fro m B  t o A ,  t o 
th e exten t  tha t  w e infe r  tha t  A  i s know n i f  B  is ,  an d 
tha t  B  i s no t  know n i f  A  isn't .  Thi s i s no t  t o sa y tha t 
precedence ,  increase d complexity ,  an d logica l  implica -
tio n ar e al l  th e sam e thing ,  bu t  simpl y tha t  the y hav e 
th e sam e propertie s an d w e wil l  trea t  the m a s inter -
changeabl e here . 

Figure 1 illustrates, by means of implication 
relations ,  th e interdependencie s tha t  m a y exis t 
amongst  th e abilitie s t o solv e problem s i n mathemat -
ics .  Notic e firs t  tha t  th e structur e form s a  minima l 
partia l  orde r  (i t  contain s n o cycle s an d n o transitiv e 
relations) .  Notic e als o tha t  th e relation s ca n b e o f  dif -
feren t  nature .  I n som e cases ,  a s i n 2  = > 1 ,  th e 
implicatio n stem s fro m th e fac t  tha t  th e typ e o f  prob -
le m i n 1  i s foun d i n 2  a s a  sub-proble m (i.e .  w e find a 
divisio n proble m i n th e algebr a proble m 2) .  Thu s w e 
hav e a  clea r  precedenc e fro m 1  t o 2 .  However ,  th e 
implication s fro m 5  t o 4  an d t o 3  bea r  n o suc h prece -
dence ,  sinc e proble m 5  belong s t o grap h theor y an d 
does no t  requir e an y knowledg e o f  calculu s no r  matri -
ces .  I t  turn s ou t  tha t  th e implicatio n i s du e t o th e ex -
trem e complexit y o f  th e solutio n fo r  5  (thi s proble m 
was first  propose d i n 185 2 an d solve d 12 5 year s late r 
afte r  grea t  effort s b y man y mathematicians )  whic h 
suggest s tha t  i f  yo u solve d tha t  proble m yo u mus t  b e 
knowledgeabl e enoug h t o solv e 3  an d 4 . 

Negative Implications 

The second type of relations is a negative im-
plication .  A s a n example ,  conside r  th e fac t  tha t  a  stu -
den t  laboriousl y solve s a  comple x syste m o f  linea r 
equation s algebraically ,  whe n th e usag e o f  matrice s 
woul d hav e bee n muc h mor e efficient .  Fro m thi s ex -
ample ,  w e ca n conclud e tha t  th e studen t  doe s no t  mas -
te r  th e matri x method ,  an d tha t  ther e i s a  negativ e 
implicatio n fro m th e algebrai c t o th e matri x metho d o f 
solvin g a  comple x linea r  equation s system .  Not e tha t 
i n a  negativ e implication ,  on e mus t  discriminat e be -
twee n usag e an d knowledge ,  fo r  i t  i s  th e usag e o f 
some knowledg e ite m tha t  implie s tha t  anothe r 
knowledg e ite m i s no t  known .  Naturally ,  thi s typ e o f 
relatio n i s foun d i n domain s wher e knowledg e item s 
ar e manifes t  i n som e performance ,  tha t  is ,  i n procedu -
ra l  domains . 

Four-Colo r  problem—grap h theor y 
(prov e tha t  n o mor e tha n fou r  color s ar e neede d 
t o colo r  an y ma p o f  variou s countrie s s o tha t  n o 

countrie s wit h adjacen t  border s ar e th e sam e color ) 
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Figur e 1 .  Implicatio n networ k compose d o f  logi -
cal  implication s amon g abilitie s t o solv e math -
ematica l  problems .  Succes s fo r  a n ite m permit s t o 
infe r  tha t  item s implie d ar e known ,  wherea s failur e 
permit s t o infe r  tha t  item s implyin g th e faile d 
ite m ar e no t  known . 

Implicatio n Networ k i n a  Procedura l 
D o m a i n 

Although we have discussed the notion of implication 
structur e i n a  genera l  sens e s o far ,  w e wil l  no w mov e 
th e discussio n i n th e contex t  o f  procedura l  knowledg e 
domains .  Procedura l  domain s ca n b e characterize d b y 
tas k structure s tha t  defin e plan s fo r  completin g spe -
cifi c  tasks .  Task s als o defin e competence s tha t 
ca n b e represente d b y knowledg e items .  Le t 
us sa y a  fe w word s o n th e tas k domai n i n orde r  t o de -
scrib e h o w th e knowledg e o f  tha t  domai n i s rep -
resente d an d ho w th e tas k structur e relate s t o th e im -
plicatio n network . 

Text-editing 

The domain in which we conducted our study is 
text-editing .  Thi s choic e i s determine d b y th e fac t  tha t 
thi s stud y i s par t  o f  a  projec t  fo r  buildin g a n expert -
syste m consultan t  fo r  tex t  editin g (Desmarais , 
Larochelle ,  &  Giroux ,  1987) .  Thus ,  w e ar e intereste d 
i n th e implicatio n networ k bot h fo r  pedagogica l  an d 
fo r  knowledg e assessmen t  purposes . 

Text-editing is largely a procedural domain, in 
th e sens e that ,  i n additio n t o concepts ,  th e knowledg e 
of  thi s domai n consist s o f  actions ,  o r  procedures ,  fo r 
doin g text-editin g tasks .  I n fact ,  i n th e curren t  study , 
we wil l  limi t  ourselve s t o th e procedura l 
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dimensio n o f  text-editing ,  tha t  is ,  t o knowledg e 
item s tha t  represen t  tasks ,  o r  goals ,  an d t o primitiv e 
actions ,  int o whic h goal s wil l  ultimatel y b e de -
composed .  ( A primitiv e actio n i s a  tas k tha t  canno t 
be furthe r  decompose d int o sub-task s an d generall y 
represent s syste m functions ,  wherea s a  goa l  i s a  tas k 
tha t  ca n b e decompose d int o sub-tasks ,  whic h ca n ei -
the r  b e sub-goal s i f  the y ar e themselve s furthe r  de -
composed ,  o r  action s i f  the y ar e not )  Thus ,  w e wil l 
not  hav e knowledg e item s tha t  directl y represen t  con -
cept s lik e "buffers" ,  o r  propertie s w e ca n attac h t o 
character s (font ,  orientation ,  etc. )  o r  t o paragraph s 
(indentation ,  centering ,  etc) ,  etc .  Note ,  however ,  tha t 
suc h informatio n could ,  indeed ,  b e directl y represente d 
i n th e implicatio n networ k an d pla y a n importan t  rol e 
fo r  knowledg e inference . 

Many tasks may be decomposed in a number of 
alternativ e way s whic h w e wil l  cal l  methods .  Fo r  in -
stance ,  th e tas k o f  replacin g ever y occurrenc e o f  a  wor d 
by anothe r  wor d ca n b e achieve d "b y hand" ,  replacin g 
eac h occurrenc e on e b y one ,  o r  wit h som e specialize d 
syste m functio n designe d especiall y fo r  tha t  task .  Th e 
firs t  metho d wil l  thu s b e furthe r  decompose d int o sub -
goal s an d action s fo r  replacin g text ,  wherea s th e sec -
ond metho d wil l  consist s o f  a  singl e primitiv e actio n 
( a syste m function) . 

Evidently, the second method will generally be 
much mor e efficien t  tha n th e first  one .  I n fact ,  give n 
thi s informatio n o n metho d efficiency ,  w e coul d pre -
sume tha t  someon e w h o use s th e "fin d an d replac e 
eac h occurrence "  metho d doesn' t  kno w th e "search -
replace "  syste m functio n method .  Thi s lead s u s t o a 
negativ e implication : 

<find and replace each occurrence> 
=>—.  < s e a r c h - r e p l a c e f u n c t i o n > 

This relation is based on the postulate that if someone 
use s a  sub-optima l  metho d o f  doin g som e task ,  the n 
th e optima l  metho d i s no t  known .  I n a  contex t  wher e 
knowledg e assessmen t  i s  base d solel y o n k n o w n 
knowledg e items ,  a s i s th e cas e o f  a  coac h w h o ob -
serve s someone' s performance ,  negativ e implication s 
pla y a  fundamenta l  rol e fo r  the y ar e th e onl y mean s o f 
inferrin g wha t  i s no t  know n fro m a n implicatio n net -
work . 

IMPLICATIO N NETWORK 
CONSTRUCTION 

We described so far the nature of an implication 
networ k an d it s relatio n t o th e knowledg e domain .  I n 
particular ,  w e showe d ho w som e o f  th e implication s 
can b e inferre d fro m th e tas k structure .  W e no w tur n 

t o th e proble m o f  inferrin g implication s an d negativ e 
implication s fro m dat a o n a  n u m b e r  o f  individ -
uals '  knowledg e state . 

Assessin g Individuals '  K n o w l e d g e Stat e 

The first step in the process of building an 
implicatio n networ k i s t o gathe r  informatio n o n a 
number  o f  individuals '  knowledg e state .  I n orde r  t o d o 
so ,  w e elaborate d a  fairl y exhaustiv e tes t  t o asses s 
someone' s knowledg e o f  th e edito r  WordPerfect ™ 

(Leclerc ,  i n preparation)^ .  Th e tes t  contain s 19 0 
tasks .  I t  i s  designe d s o tha t  th e master y o f  ever y 
majo r  syste m functio n i s  teste d individuall y 
by a  task . 

There are three types of knowledge items that are 
associate d wit h eac h task : 

(1) goal: knowledge item that represents the task it-
sel f  an d whic h i s considere d mastere d i f  th e tas k i s 
successfull y completed ,  n o matte r  wha t  metho d i s 
used ; 

(2 )  methods :  knowledg e ite m tha t  correspond s t o 
one o r  mor e primitiv e action s use d i n th e contex t 
of  a  goal . 

(3 )  primitiv e action :  knowledg e ite m tha t  cor -
respond s t o a  syste m functio n used ;  a  primitiv e 
actio n i s considere d mastere d i f  i t  i s  use d success -
fully ,  n o matte r  wha t  th e contex t  is . 

Hence, for each task, we find one knowledge item for 
th e goal ,  on e fo r  eac h primitiv e actio n th e tas k i s de -
compose d into ,  an d on e fo r  eac h metho d b y whic h tha t 
tas k ca n b e accomplished . 

The distinction between a primitive action and a 
metho d enable s u s t o discriminat e betwee n th e usag e 
of  a  syste m functio n i n tw o differen t  context .  Fo r  in -
stance ,  conside r  th e tw o task s o f  movin g th e curso r  t o 
th e en d o f  a  wor d an d t o th e en d o f  th e document .  Al -
thoug h w e wil l  ge t  a  singl e knowledg e ite m fo r  th e 
primitiv e actio n o f  movin g th e curso r  on e characte r  t o 
th e righ t  i n bot h tasks ,  w e wil l  als o ge t  tw o differen t 
knowledg e item s fo r  th e method s whic h mak e us e o f 
tha t  primitiv e actio n i n eac h context .  Indeed ,  movin g 
th e curso r  t o th e righ t  fo r  goin g t o th e en d o f  a  wor d 
and fo r  goin g t o th e en d o f  th e documen t  legimatel y 
constitute s tw o differen t  competences . 

Leclerc ,  Serg e (i n preparation) .  Analys e d e l a 
structur e d e l a connaissanc e de s usager s d'u n 6diteu r 
de texte ,  M.Sc .  thesi s i n preparation ,  D^partemen t  d e 
psychologic ,  Universit e d e Montreal . 

477 



DESMARAIS,  GIROUX.  LAROCHELLE,  LECLER C 

Usin g th e thre e type s o f  knowledg e item s fo r  th e 
190 tasks ,  w e obtai n th e followin g distributio n o f 
knowledg e item s tha t  compos e th e node s o f  th e 
implicatio n network : 

• 190 goals 
•  19 5 primitiv e action s 
•  28 6 method s 

The total number of knowledge items is thus 671 (190 
+ 28 6 +  195) . 

The test was administered to 30 subjects. The 
performanc e varie d fro m 5 6 t o 14 6 successfu l  tasks , 
whic h correspond s t o 16 2 t o 43 1 mastere d knowledg e 
item s wit h a n averag e o f  307 . 

Compilatio n o f  Implication s an d Negativ e 
Implication s 

Once the data on individual knowledge states is 
gathered ,  th e nex t  ste p i s t o establis h impUcation s an d 
negativ e implication s amon g knowledg e items .  T o 
determin e i f  ther e i s a  relatio n betwee n a  pai r  o f 
knowledg e items ,  sa y A  an d B ,  w e tak e th e distribu -
tio n o f  subject s alon g th e followin g fou r  situations : 

(1) A and B are known 
(2 )  A  i s know n an d B  i s unknow n 
(3 )  A  i s unknow n an d B  i s know n 
(4 )  A  i s unknow n an d B  i s unknow n 

then we state that there is an implication from A to B 
i f  w e fin d peopl e i n situation s 1 ,  3 ,  an d 4 ,  bu t  non e i n 
2,  a s thi s situatio n woul d b e impossibl e if ,  indeed , 
ther e wer e a n implication .  I f  ther e wer e a  negativ e 
implicatio n fro m A  t o B ,  the n w e woul d find  peopl e 
i n al l  situation s bu t  1 .  Establishin g th e implicatio n 
network' s relation s the n consist s o f  analyzin g th e 
distributio n o f  subject s ove r  th e fou r  situation s fo r 
eac h pai r  o f  knowledg e item s (th e tota l  numbe r  o f 
pair s i s 67 1 *  671=450,241) . 

Statistical parameters 

If the world was black and white and there was an 
implicatio n fro m A  t o B ,  w e shoul d neve r  find  a 
distributio n lik e th e following : 

B 

Known Unknow n 

Known 

Unknown 

20 

8 

1 

1 

But  becaus e o f  noise ,  o r  simpl y becaus e th e im -
plicatio n doe s no t  reflec t  a  clea r  precedenc e bu t  some -
thin g mor e lik e a  stron g surmis e relation ,  w e nee d 
some kin d o f  statistica l  criterio n t o determin e i f  ther e 
i s o r  no t  a  relation .  W e hav e use d tw o statistica l  pa -
rameter s t o mak e thi s decision : 

(1) the minima! conditional probability of B 
give n A ,  paire d wit h a n alph a error .  Tha t  is , 
give n a  measure d conditiona l  probabilit y 
(20/2 1 =  0.9 5 i n th e distributio n above )  an d a 
minima l  conditiona l  probabilit y (w e chos e 
P(B|A)>0.85) ,  w e accep t  th e implicatio n fro m 
A t o B  i f  th e lowe r  boun d o f  a  [ 1 -  alph a error ] 
confidenc e interva l  aroun d th e measure d condi -
tiona l  probabilit y i s  greate r  tha n th e minima l 
conditiona l  probabilit y  (w e chos e a n alph a erro r  o f 
p<.2 0 whic h correspond s t o a n 8 0 % confidenc e 
interval) .  I n th e distributio n above ,  th e lowe r 
boun d o f  a n 8 0 % confidenc e interva l  aroun d 0.9 5 
i s .86 .  Sinc e i t  i s  greate r  tha n 0.8 5 w e woul d ac -
cep t  th e implicatio n o n thi s basis .  However , 
eve n i f  w e ha d a  significan t  conditiona l  probabil -
ity ,  i t  i s  no t  necessaril y  differen t  fro m th e initia l 
probability ,  meanin g tha t  th e fac t  tha t  A  i s 
know n doe s no t  tel l  u s anythin g mor e abou t  B 
and that ,  consequently ,  ther e i s n o relatio n be -
twee n A  an d B .  Fo r  tha t  reason ,  a  secon d 
statistica l  paramete r  i s needed . 

(2) the minimal probability of interaction, 
chi-square :  th e chi-squar e valu e o f  th e distribu -
tio n determine s if ,  indeed ,  ther e i s a  relatio n be -
twee n tw o items .  I n th e curren t  study ,  w e chos e a 
chi-squar e correspondin g p<0.15 .  Fo r  th e 
distributio n above ,  th e chi-squar e i s 0.4 1 an d no t 
significan t  a t  p<0.15 .  Thu s w e woul d rejec t  th e 
implicatio n o n th e basi s o f  thi s parameter . 

Both parameters must be over the chosen criteria in 
orde r  t o se t  a  relation ,  an d bot h criteri a appl y t o 
implicatio n a s wel l  a s negativ e implicatio n relation s 
(excep t  tha t  instea d o f  0.8 5 w e wil l  tak e 0.1 5 fo r  th e 
minima l  conditiona l  probabiUt y an d loo k a t  th e uppe r 
boun d o f  th e confidenc e interval) . 

Pruning and grouping 

Having set the relations, it is often the case that 
we find  transitiv e ( A = > B ,  B  = > C ,  A  = > C )  an d 
symmetri c implication s ( A = > B  an d B  = > A ) .  Be -
caus e transitiv e relation s ar e redundan t  i n th e knowl -
edg e inferenc e process ,  the y ar e remove d fro m th e 
structure .  A s fo r  knowledg e item s involve d i n a 
symmetri c implications ,  the y ar e groupe d togethe r  t o 
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Tabl e 1 
Distributio n o f  th e n u m b e r  o r  relations , 

nodes ,  an d knowledg e item s i n th e 
implicatio n networ k 

Tabl e 2 
Distributio n o f  intermediat e node s i n 

transitiv e implication s 

relation s 

implication s 280 4 
non transitiv e 39 3 
-incomin g 
-outgoin g 
-incomin g &  outgoin g 

negativ e implication s 324 7 
-outgoin g 
-incomin g 
-incomin g &  outgoin g 

node s 

145 

77 
137 
69 

346 
145 
20 1 

0 

K. I . 

355 

203 
289 
137 

555 
354 
201 

0 

for m a  singl e nod e i n th e structure .  Al l  incomin g an d 
outgoin g relation s o f  eac h nod e i n th e grou p ar e redi -
recte d t o tha t  node .  Th e resultin g structur e cor -
respond s t o a  minima l  digraph . 

Compositio n o f  th e Implicatio n Ne twor k 
Derive d 

Of the 671 knowledge items to start with, only 
555 ar e involve d i n th e implicatio n networ k and , 
consequently ,  11 6 knowledg e item s (67 1 -555 )  ar e 
not  relate d t o an y othe r  item s (3 5 o f  thos e 11 6 ar e no t 
relate d becaus e the y ar e know n b y ever y subjec t  an d 
thu s ar e rejecte d b y th e minima l  probabilit y o f 
interactio n criterion :  indeed ,  i t  i s  impossibl e t o 
establis h an y interactio n wit h anothe r  ite m i n thi s 
case) .  Moreover ,  becaus e o f  grouping ,  th e 55 5 
knowledg e item s onl y for m 34 6 node s i n th e structure . 
Ther e ar e 9 7 group s involvin g betwee n 2  an d 6 
knowledg e items ,  an d on e involvin g 4 7 knowledg e 
item s (groupin g ofte n occur s becaus e a  goa l  i s  alway s 
achieve d b y a  singl e method ,  i n whic h cas e th e goa l 
and th e metho d wil l  mutuall y impl y eac h other) ;  24 8 
node s ar e compose d o f  a  singl e knowledg e item .  Th e 
distributio n o f  implication s an d negativ e implication s 
i s give n i n tabl e 1 . 

The structure is composed of a total of 2804 im-
plications .  13 7 node s hav e outgoin g implications ,  7 7 
hav e incomin g an d 6 9 hav e bot h incomin g an d outgo -
in g implications .  Takin g int o accoun t  node s tha t 
compris e multipl e knowledg e items ,  thos e figure s be -
come 289 ,  203 ,  an d 13 7 knowledg e item s respec -
tively .  O f  th e 280 4 implications ,  onl y 122 0 ar e no n 
redundan t  (i.e .  ar e no t  differen t  path s betwee n th e sam e 
nodes )  an d onl y 39 3 ar e no n transitiv e (i.e .  for m th e 
minima l  digraph) .  Th e distributio n o f  th e numbe r  o f 
intermediat e node s i n th e transitiv e implication s i s 
compile d i n tabl e 2 . 

Intermediat e 
node s 

Frequenc y 

1 
2 
3 
4 
5 
6 

71 8 
79 0 
57 9 
23 9 

69 
16 

As fo r  th e negativ e implications ,  the y ar e muc h 
mor e numerou s wit h 324 7 relations ,  bu t  ther e i s n o 
transitivit y wit h thi s kin d o f  relation .  Al l  th e 34 6 
node s i n th e implicatio n networ k ar e involve d i n 
negativ e implications .  14 5 node s hav e outgoin g 
negativ e implication s (35 5 knowledg e items )  an d 20 1 
hav e incomin g negativ e implication s (al l  o f  whic h ar e 
singl e knowledg e ite m nodes) . 

VALIDATIO N O F TH E IMPLICATIO N 
N E T W O RK 

How valid are the implications derived? To answer 
thi s question ,  w e conducte d a  simulatio n o f  knowledg e 
inferenc e fo r  eac h o f  th e 3 0 subject s wit h th e follow -
in g procedure :  w e sample d randoml y a  portio n o f  th e 
successfull y complete d task s o f  a  subjec t  an d fe d 
thi s informatio n t o th e knowledg e inferenc e module , 
whic h inferre d th e know n an d unknow n knowledg e 
item s accordin g t o th e implicatio n an d negativ e 
implicatio n relations ,  an d fro m th e groupin g o f 
knowledg e items .  (Becaus e o f  th e contex t  o f  ou r  re -
search ,  w e wis h t o simulat e th e situatio n o f  a  coac h 
whic h i s restricte d t o infe r  a  pupil' s  knowledg e fro m 
th e observatio n o f  competence— a coac h doe s no t  hav e 
direc t  informatio n o n wha t  isn' t  known) .  W e the n 
compare d th e inferre d know n an d unknow n knowledg e 
item s wit h th e actua l  knowledg e stat e o f  th e subjec t  a s 
measure d directl y fro m th e tes t 

The results of the simulation are summarized in 
figur e 2 .  A  compilatio n o f  th e correc t  ("hits" )  an d in -
correc t  ("fals e alarms" )  inference s i s plotte d fo r  bot h 
know n an d unknow n knowledg e items ,  a s a  functio n 
of  th e proportio n o f  th e subjects '  successfu l  task s tha t 
was sample d an d fe d t o th e knowledg e inferenc e mod -
ule .  Th e graph s sho w th e value s average d fo r  th e 3 0 
subjects .  Th e whit e are a indicate s th e siz e o f  th e 
sample ;  th e gre y are a indicate s th e informatio n adde d 
by th e inferenc e proces s (hits) ;  and ,  finally ,  th e blac k 
are a indicate s th e incorrec t  inference s (fals e alarms) . 
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Figur e 2  Analysi s o f  th e inferenc e o f  know n an d unknow n knowledg e item s a s a  functio n o f  th e proportio n o f 
know n item s give n t o th e knowledg e inferenc e module .  Th e are a labele d 'K '  represent s th e actua l  know n an d un -
know n knowledg e items .  Th e dar k are a represent s incorrec t  inference s (Fals e Alarms )  wherea s th e gre y are a 
represent s th e correc t  inferences ,  o r  "hits' ,  'n '  i s  th e numbe r  o f  knowledg e item s given .  Henc e th e gre y are a rep -
resent s th e correctl y inferre d informatio n fo r  knowledg e assessment .  W e include d a  "rando m inference "  curv e a s a 
comparison . 

Th e proportio n o f  fals e alarm s i s relativel y lo w i n 
bot h graph s (belo w 1 0 % ) ,  bu t  increase s fo r  th e know n 
item s t o th e poin t  wher e al l  inference s ar e fals e alarm s 
when th e inferenc e modul e i s fe d wit h al l  o f  th e suc -
cessfu l  tasks ,  a s ca n b e expected .  I n fact ,  th e greates t 
proportio n o f  "adde d information "  i s betwee n 1 0 % an d 
4 0 %,  wher e th e unknow n inferre d knowledg e item s ar e 
clos e t o thei r  m a x i m u m an d wher e th e proportio n o f 
fals e alarm s ove r  th e hit s i s stil l  relativel y lo w fo r  th e 
know n knowledg e items . 

Initial vs. added information 

It must be noted that, for the purpose of knowl-
edg e assessment ,  th e knowledg e item s inferre d o n th e 
basi s o f  th e implicatio n networ k constitut e "adde d in -
formation "  t o wha t  w e ough t  t o cal l  th e "initia l  in -
formation" .  Tha t  is ,  i f  w e wer e t o mak e a  knowledg e 
assessmen t  fro m a  sampl e o f  a  subject' s knowledg e 
state ,  w e woul d star t  wit h th e initia l  information , 
namely ,  th e initia l  probabilit y  o f  knowledge ,  an d ad d 
t o i t  th e knowledg e inferre d fro m th e implicatio n net -
work .  Fo r  instance ,  i n ou r  case ,  w e woul d star t  wit h 
at  leas t  3 5 item s know n sinc e thei r  initia l  probabilit y 
i s  1  (the y wer e know n b y ever y subjects) . 

Th e mor e sever e th e minima l  probabilit y o f 
interactio n is ,  th e mor e th e adde d informatio n wil l  dif -
fe r  fro m th e initia l  information .  I n othe r  words ,  th e 
minima l  probabilit y o f  interactio n assure s u s tha t  th e 
inference s mad e constitut e informatio n w e didn' t  star t 
with . 

CONCLUSION 

We have demonstrated that we can establish im-
plication s an d negativ e implication s amon g knowledg e 
items ,  a s wel l  a s grouping ,  b y mean s o f  a n empirica l 
metho d an d tha t  w e ca n characteriz e th e structur e con -
structe d b y som e statistica l  parameters .  W e hav e als o 
demonstrate d tha t  thi s structur e ca n b e use d t o infe r  a 
portio n o f  know n an d unknow n knowledg e item s fro m 
th e observatio n o f  a  portio n o f  th e k n o w n items . 
Moreover ,  w e hav e al l  reason s t o believ e tha t  wit h a 
sufficien t  numbe r  o f  individua l  knowledg e state s w e 
ca n captur e th e structur e o f  implicatio n a m o n g 
knowledg e item s an d tha t  thi s structur e constitute s a 
fundamenta l  dimensio n o f  knowledge . 

On the other hand, a number of questions remains 
unanswered .  Althoug h th e simulatio n showe d tha t  th e 
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structur e ha s a  relevan t  powe r  fo r  knowledg e inference , 
i t  i s  no t  clea r  ho w muc h mor e efficien t  i t  i s  compare d 
t o other ,  mor e simpl e schemes ,  lik e a  linea r  structur e 
wher e w e simpl y orde r  knowledg e item s a s a  functio n 
of  th e numbe r  o f  peopl e wh o kno w them .  If ,  i n fact , 
th e structur e o f  th e knowledg e domai n wa s linear ,  th e 
performanc e o f  th e curren t  mode l  (i n term s o f  knowl -
edge inference )  woul d tur n ou t  t o b e simila r  t o tha t  o f 
model  base d o n a  linea r  structure ,  as ,  indeed ,  th e 
structur e derive d woul d itsel f  b e linear . 

It would also be interesting to know precisely 
how man y implication s w e misse d wit h th e smal l 
number  o f  subject s w e ha d an d ho w man y woul d b e 
require d t o mis s onl y a  fe w (hopefull y ther e migh t  b e 
a computabl e answe r  t o thi s questio n fro m th e 
statistica l  parameter s o f  th e network) . 

We are currently in the process of comparing the 
presen t  knowledg e inferenc e schem e t o simple r  ones . 
A qualitativ e analysi s o f  th e structur e obtaine d i s als o 
under  wa y (Leclerc ,  i n preparation) .  Finally ,  w e hav e 
plan s t o repea t  thi s experimen t  wit h othe r  knowledg e 
domains . 
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