
UC Merced
Proceedings of the Annual Meeting of the Cognitive Science 
Society

Title
Calculating Salience of Knowledge

Permalink
https://escholarship.org/uc/item/8pw2j9vx

Journal
Proceedings of the Annual Meeting of the Cognitive Science Society, 14(0)

Author
Rau, Lisa F.

Publication Date
1992
 
Peer reviewed

eScholarship.org Powered by the California Digital Library
University of California

https://escholarship.org/uc/item/8pw2j9vx
https://escholarship.org
http://www.cdlib.org/


C a l c u l a t i n g S a l i e n c e o f  K n o w l e d g e 

Lisa F. Rau 

GE Researc h an d Developmen t  Cente r 

Schenectady ,  N Y 1230 1 U S A 

and 

Compute r  Scienc e Departmen t 

Universit y o f  Exeter ,  Exeter ,  U K 

Abstrac t 

As information systems continue to grow 
i n siz e an d scope ,  advance s i n dat a man -
agement  becom e mor e an d mor e o n th e 
critica l  pat h fo r  usabiht y o f  thes e systems . 
Thi s pape r  report s o n th e implementatio n 
and applicabilit y  o f  a n importan t  functio n 
-  tha t  o f  calculatin g th e conceptua l  salienc e 
of  knowledg e o r  dat a i n a  knowledg e bas e 
or  database . 

Salienc e i s calculate d wit h a  metho d base d 
on Tversky' s formulatio n o f  salienc e a s 
compose d o f  tw o factors :  intensit y an d 
discriminability .  Th e salienc e computa -
tio n ha s bee n implemente d an d teste d o n 
a databas e an d i s independen t  o f  th e par -
ticulsi r  knowledg e area . 

Introduction 

This paper reports on a theory and implementa-
tio n o f  th e cognitiv e notio n o f  conceptua l  salience , 
a concep t  no t  typicall y modelle d fro m a  computa -
tions J perspective .  Whil e th e concep t  o f  salienc e o f 
knowledg e ha s a  clea r  intuitiv e meaning ,  thi s wor k 
aim s t o formaliz e th e notio n an d provid e a  compu -
tationa l  mechanis m fo r  it s determination . 

Salienc e o f  knowledg e is ,  intuitively ,  th e promi -
nenc e o r  conspicuousnes s o f  knowledge .  I t  i s  im -
portan t  fro m a  practica l  perspectiv e becaus e salien t 
knowledg e i s typicall y burie d alon g wit h insignifican t 
knowledg e i n a  lau-g e databas e system .  Potentiall y 
importan t  fact s an d relationship s ar e represente d i n 
th e sam e wa y a s unimportan t  information .  Discov -
erin g wha t  i s salien t  add s knowledg e o f  hithert o un -
known relationship s tha t  can ,  i n turn ,  b e use d t o 
reaso n wit h an d increas e th e utilit y  o f  th e dat a repre -
sented .  Moreover ,  salien t  knowledg e shoul d b e mor e 
accessibl e an d mor e relevan t  t o a  give n task ,  an d 
shoul d b e chose n preferentiall y  ove r  mor e obscur e 
facts . 

Salienc e i s a  characteristi c o f  knowledg e tha t  i s 
importan t  fo r  case-base d reasonin g [Seifert ,  1989] , 

analogica l  reasonin g [Centner ,  1983] ,  knowledg e dis -
cover y i n database s [Piatetsky-Shapir o an d Fraw -
ley ,  199ll ,  understandin g metapho r  [Makot o e i  ai , 
1990]  an d informatio n retrieva l  i n general .  Know -
in g wha t  characteristic s o f  knowledg e ar e salien t  al -
lo w processe s t o onl y dea l  wit h thos e characteris -
tics .  Salience ,  however ,  i s  no t  typicall y encode d 
at  th e tim e th e knowledg e i s entered ,  an d i n fact , 
salienc e ca n onl y b e compute d wit h respec t  t o th e 
othe r  knowledg e i n th e system .  Th e salien t  portion s 
of  a  databas e ar e i n effec t  onl y th e highhghts . 

Thi s pape r  report s o n a  syste m tha t  automati -
call y extract s informatio n fro m text ,  store s i t  i n a 
databas e an d discover s salien t  features .  Althoug h 
th e method s ar e applicabl e t o a n arbitrar y databas e 
or  knowledg e base ,  th e origin s o f  thi s databas e fro m 
a reaJ-worl d sourc e ar e suggestiv e o f  thei r  us e i n au -
tomaticall y computin g th e salienc e o f  genera l  o r  spe -
cifi c  knowledge . 

Thi s wor k i s on e portio n o f  a  large r  projec t  t o pro -
vid e computationa l  method s fo r  automaticall y de -
rivin g wha t  a  syste m knows ,  fo r  example ,  i n term s 
of  it s  breadt h o f  knowledg e [Rau .  199 2 .  Th e othe r 
"meta-properties "  o f  knowledg e ar e compute d base d 
on simila r  computationa l  foundatio n a s th e salienc e 
computation . 

Overview of Methodology 

This paper reports on the theory, implementation 
and testin g o f  a  metho d fo r  computin g what ,  i n a n 
arbitrar y knowledg e o r  database ,  i s seJient .  Thi s 
sectio n describe s bot h th e intuitio n behin d th e for -
malization ,  an d th e formeilizatio n itself .  Followin g 
section s describ e th e databas e use d i n demonstrat -
in g th e implementation ,  an d detai l  th e results . 

Tversk y [Tversky ,  1977 ]  hypothesize d tha t 
salienc e i s compose d o f  tw o factors :  (I )  th e inten -
sit y o f  a n aspec t  o f  a  concep t  (th e amoun t  o f  infor -
mation) ,  whic h w e denot e J ,  an d (2 )  discriminabil -
ity ,  denote d T> ,  correspondin g t o ho w wel l  a n as -
pec t  o f  a  concep t  distinguishe s tha t  concep t  fro m 
relate d concepts .  Iwayam a [Makot o e t  ai ,  1990 ]  pro -
pose d a  method ,  usin g informatio n theory ,  t o com -
put e an d combin e thes e tw o factors .  Th e metho d 

564 



uses a  probabilisti c  mode l  o f  conceptua l  categoriza -
tion .  Wit h thi s representation ,  th e intensit y o f  a 
concep t  i s equa d t o it s informatio n theoreti c redun -
danc y (th e invers e o f  th e Shanno n [Shanno n an d 
Weaver ,  1949 ]  entropy) ;  a  measur e o f  th e amoun t 
of  uncertaint y presen t  i n th e frequenc y distributio n 
of  values .  Th e discriminabilit y  i s  th e rati o o f  thi s 
intensit y t o th e s u m o f  relate d concepts '  intensities . 
The exac t  computatio n i s detaile d below . 

Thi s computationa l  metho d ha s bee n extende d 
t o uncove r  salien t  combination s o f  feature s i n a 
database .  Thi s i s accomplishe d b y takin g al l  binar y 
combination s o f  databas e fields ,  an d computin g th e 
salienc e o f  th e fillers  o f  thos e fields  wit h respec t  t o 
relate d fillers. 

Probabilistic Model of Conceptual 
Categorizatio n 

Underlyin g th e calculatio n o f  salienc e i s a  probabilis -
ti c  mode l  o f  conceptua l  categorizatio n [Smit h an d 
Medin ,  1988] .  Give n a  databas e compose d o f  fields  T 
tha t  contai n fillers  Ti ,  w e trea t  th e fields  a s concept s 
or  conceptua l  categorie s an d th e fillers  a s feature s o r 
aspect s o f  thos e concepts .  The n th e frequenc y o f  oc -
currenc e o f  eac h filler  i n th e databas e approximate s 
th e frequenc y o f  occurrenc e o f  feature s o f  a  concep-
tua l  category .  Not e tha t  thi s assumptio n limit s th e 
salienc e computatio n t o wha t  i s salien t  wit h respec t 
t o th e are a o f  expertis e i n a  database . 

For  example ,  suppos e a  databas e field  o f 
sex-of-perso n containe d tw o fillers  wit h th e fol -
lowin g frequencie s o f  occurrences : 

sex-of-perso n =  {(male ,  .5 )  (female ,  .5) } 

We denot e thes e probabilitie s p, .  Th e categor y o f 
sex-of-perso n i s assume d t o b e compose d o f  an d 
define d b y tw o features ,  mal e an d female ,  eac h o f 
whic h occur s wit h equa l  probability .  O n th e othe r 
hand ,  a  databas e fro m a  medica l  offic e tha t  deal s 
exclusivel y wit h pregnanc y woul d hav e a  differen t 
definin g notio n o f  wha t  se x th e patient s were .  Thi s i s 
importan t  a s wha t  i s salien t  t o a  particula r  databas e 
i s necessaril y  dependen t  o n th e particula r  contex t 
and bia s o f  tha t  database . 

Amount of Information 

Takin g th e databas e field  t o b e : F an d th e individ -
ual  fillers  t o b e th e Ĵ , ,  th e amoun t  o f  informatio n 
i s th e normalize d invers e o f  th e well-know n Shan -
non [Shanno n an d Weaver ,  1949 ]  measur e o f  entrop y 
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;  =  i 

Thi s entrop y measur e i s adjuste d t o reflec t  th e 
tota l  numbe r  o f  distinc t  fillers  (m )  b y dividin g b y 
a normalizatio n facto r  log j  m t o obtai n relativ e en -
trop y e{Fi) : 

Th e amoun t  o f  informatio n varie s inversel y wit h 
th e relativ e entropy ,  s o w e defin e th e amoun t  o f  in -
formatio n I  t o b e /  =  1  -  c(Fj) .  T h e amoun t  o f 
informatio n i s zer o whe n al l  value s ar e equiprobable , 
and i s on e whe n al l  value s ar e th e same ,  i.e. ,  whe n 
ther e i s onl y on e valu e fo r  th e field.  Intuitively ,  th e 
amount  o f  informatio n measure s th e variabilit y  i n 
frequenc y o f  occurrenc e amon g differen t  fillers  o f  a 
field.  I f  al l  th e fillers  occu r  wit h roughl y equa l  fre -
quencies ,  tha n n o on e filler  "stand s out "  fro m th e 
rest ,  henc e thi s componen t  o f  th e salienc e i s low . 

Example 

To mak e th e calculatio n concrete ,  w e calcu -
lat e a n exampl e fro m th e domai n o f  experi -
mentation ;  incident s involvin g terroris m i n Lati n 
America .  W e calculat e th e amoun t  o f  informa -
tio n o f  location-of-kidnapping .  Not e tha t  w e 
coul d als o calculat e th e amoun t  o f  informatio n o f 
location-of-incident-type s i n genera l  ( a cate -
gor y tha t  include s othe r  incident s suc h a s bombin g 
and attack .  Howeve r  th e computatio n o f  salienc e 
take s slice s o f  th e database ,  lookin g a t  th e distribu -
tio n o f  fillers  wit h respec t  t o a  particula r  value .  W e 
denot e th e distributio n o f  fillers  wit h respec t  t o a 
particula r  valu e Si ,  a s oppose d t o /< .  Thi s i s  dis -
cusse d i n th e nex t  section . 

Th e field  o f  locatio n hci s nin e possibl e fillers,  ap -
pearin g below .  T o comput e th e discriminabiht y o f 
kidnappin g wit h respec t  t o th e locatio n o f  th e inci -
dent ,  w e first  generat e th e frequenc y lis t  o f  thi s slic e 
of  th e database ;  wha t  proportio n o f  th e kidnapping s 
occurre d wit h respec t  t o eac h o f  th e nin e locations ; 
ther e wer e 11 9 total .  Thi s yields : 

location-of-kidnappin g 
P -plog P P  -plog p 

Colombi a 
ElSalvado r 
Guatemal e 
Chil e 
Panama 

.5 0 

.2 1 

.1 9 

.0 2 

.0 1 

.5 0 

.4 7 

.4 6 

.1 1 

.0 7 

Venezual a 
Per u 
Ecuado r 
Brazi l 

.0 1 

.0 4 

.0 2 

.0 2 

.0 7 

.1 9 

.1 1 

.1 1 

Th e mos t  frequen t  valu e i s COLOMBIA.  Unde r  th e 
formul a give n abov e fo r  amoun t  o f  informatio n w e 
ca n compute :  lUocatio n — o f  — kidnapping )  = 
1 _  ?0 8 -  1  _  I M -  1  _  f5f 5 -  3 4 
'•  logj 9 ~  ' -  3.1 7 — ̂  .0 0 — .O t 
Discriminability 

I n orde r  t o comput e th e measur e o f  discriminabil -
it y  V ,  ther e mus t  b e a  notio n o f  wha t  th e concep t 
i s t o b e differentiate d wit h respec t  to .  I n databas e 
terms ,  i t  i s  possibl e t o loo k a t  th e variatio n i n th e 
distributio n o f  fillers  o f  a  give n field  wit h respec t 
t o a  differen t  field.  Fo r  example ,  a  databas e tha t 
containe d people' s occupation s an d educatio n level s 
coul d determin e ho w differentiatin g a  give n occupa -
tio n i s wit h respec t  t o educatio n level ,  o r  ho w goo d 
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a differentiato r  o r  discriminato r  a  certai n educatio n 
leve l  i s  wit h respec t  t o occupation .  T h e relatio n i s 
not  symmetri c becaus e th e measur e o f  discriminabil -
it y  incorporate s th e amoun t  o f  informatio n o f  relate d 
concepts ;  thi s measur e i s differen t  fo r  occupatio n 
tha n fo r  educatio n level .  W e cal l  th e distributio n 
of  filler s o f  a  fiel d wit h respec t  t o a  differen t  fiel d a 
slic e o f  th e database . 

T h e discriminabilit y  i s  calculate d b y takin g th e 
rati o o f  th e amoun t  o f  informatio n o f  a  slic e t o th e 
s u m o f  al l  th e amoun t  o f  informatio n o f  slice s o f  re -
late d concepts .  Onl y relate d concept s tha t  hav e th e 
same mos t  frequentl y occurrin g fille r  contribut e t o 
thi s sum . 

Continuin g wit h th e example ,  t o comput e th e dis -
criminability ,  w e loo k a t  th e simila r  concept s t o 
kidnappin g tha t  hav e th e sam e mos t  frequen t  valu e 
of  location ,  i n thi s case ,  COLOMBIA.  Thi s entail s 
computin g th e frequenc y distributio n o f  eac h slic e 
of  incident-typ e wit h respec t  t o location .  Ther e i s 
onl y on e simila r  concep t  tha t  ha s thi s sam e mos t 
frequen t  valu e o f  location ;  BOMBIMG an d it s amoun t 
of  informatio n i s .36 .  Henc e th e discriminabiUt y is : 

.34/(.36 + .34) = .34/.70 = .48 

The ratio of the amount of information of location-
of-kidnappin g t o location-of-inciden t  i s th e discrim -
inability ,  i n thi s case ,  .48 .  Thi s valu e range s fro m 
nearl y zer o t o one . 

Thi s valu e approache s zer o whe n th e denominato r 
i s  large ,  whic h correspond s t o whe n ther e ar e man y 
simila r  concept s wit h thi s mos t  frequen t  value .  Thi s 
valu e i s on e whe n n o othe r  simila r  concept s hav e thi s 
most  frequen t  value ,  i n whic h cas e th e numerato r 
an d denominato r  ar e th e same . 

Salience 

Finally ,  th e salienc e i s obtaine d b y multiplyin g 
th e tw o terms ,  I  an d V .  I n th e exampl e o f 
location-of-kidnapping ,  th e salienc e i s simply : 

.34 X .48 = .16 

This reflects the contribution of two factors; the 
amount  t o whic h th e fille r  an d fiel d combinatio n dis -
criminate s a m o n g simila r  concepts ,  an d th e inheren t 
amount  o f  informatio n tha t  tha t  filler  ha s wit h re -
spec t  t o it s field.  I f  i t  i s  n o mor e c o m m o n tha n an y 
othe r  filler,  th e amoun t  o f  informatio n i s ver y lo w o r 
zero ,  thu s dilutin g thi s filler's  salience .  Conversely , 
i f  i t  i s  th e onl y filler  tha t  field  has ,  th e amoun t  o f 
informatio n conveye d b y tha t  filler  i s  a  m a x i m u m . 

T h e limitin g case s canno t  b e determine d b y mor e 
simpl e countin g measures .  Fo r  example ,  i t  ca n b e 
easil y determine d (1 )  whe n ther e i s onl y a  uniqu e 
valu e fo r  an y give n databas e slic e an d (2 )  whe n th e 
most  frequen t  valu e doe s no t  occu r  i n an y othe r 
simila r  concept .  However ,  th e combinatio n o f  (1 ) 
an d (2 )  i s extremel y unlikely ,  an d fo r  (2 )  th e infor -
matio n theoreti c redundanc y (amoun t  o f  informa -

tion )  i s equa l  t o th e salience ,  a s th e discriminabil -
it y  i s  equa l  t o on e (numerato r  an d denominato r  ar e 
equal) .  I n thi s case ,  th e salienc e i s equa l  t o th e 
amount  o f  informatio n inheren t  i n tha t  dat a slice . 
Salience ,  therefore ,  combine s discriminabilit y  wit h 
informatio n content .  Feature s tha t  ar e highes t  i n 
bot h wil l  b e th e mos t  salient .  I n practice ,  fillers  tha t 
occu r  wit h ver y lo w frequencie s (onc e o r  twice )  ten d 
t o giv e hig h sjilienc e results ,  howeve r  the y ar e typ -
icall y error s o r  anomalies .  Th e demonstratio n per -
forme d her e exclude d fillers  tha t  occurre d les s tha n 
twice .  Example s ss e give n i n th e nex t  section . 

Implementation 

I n orde r  t o determin e wha t  i n th e databas e i s salient , 
th e syste m examine s al l  possibl e slice s an d compute s 
th e relativ e salienc e o f  eac h slic e wit h respec t  t o vari -
ous fillers.  Afte r  invertin g a  databas e wit h n  distinc t 
fillers,  (a n 0 { n )  operation) ,  i t  i s  computationall y 
tractabl e t o comput e intersection s o f  pair s o f  fillers 
(a n 0{n^ )  operation) .  Holdin g on e fiel d constant , 
th e syste m look s a t  th e distributio n o f  fillers  wit h 
respec t  t o th e constan t  field,  an d it s relate d fields. 
Thi s allow s th e isyste m t o mak e relativ e compar -
ison s between ,  say ,  th e patter n o f  instrumen t  use d 
a m o ng differen t  countries .  I n thi s case ,  th e partic -
ula r  filler  o f  th e countr y field  i s kep t  constant ,  an d 
th e distributio n o f  value s o f  th e instrument s withi n 
tha t  countr y ar e examined . 

For  ever y pai r  o f  fields,  th e amoun t  o f  information , 
salienc e an d discriminabilit y  ar e calculate d an d clas -
sifie d accordin g t o th e followin g categories : 

Discriminability of One: A discriminability of 
one indicate s tha t  th e numerato r  (th e amoun t  o f 
information )  an d th e denominato r  (th e amoun t 
of  informatio n o f  th e relate d concept s tha t  hav e 
th e sam e mos t  likel y values )  ar e equal .  Thi s 
means tha t  n o othe r  relate d concep t  ha s th e 
same mos t  likel y propert y a s th e numerato r 
concept .  I n thi s case ,  th e salienc e i s equa l  t o 
th e amoun t  o f  information .  I f  ther e ar e man y 
roughl y equall y frequentl y occurrin g fillers,  th e 
salienc e i s low . 

Amount of Information of One: An amount of 
informatio n valu e equa l  t o on e indicate s tha t 
ther e i s onl y on e valu e fo r  thi s valu e wit h re -
spec t  t o thi s field.  I n thi s case ,  th e discrim -
inabilit y  an d th e salienc e ar e identical . 

Salience of One: If all three values are one, then 
ther e i s onl y on e valu e fo r  thi s combinatio n o f 
valu e wit h respec t  t o field,  an d n o othe r  relate d 
fiel d ha s th e sam e mos t  likel y property .  Intu -
itively ,  tha t  singula r  valu e distinguishe s amon g 
relate d slices .  I f  th e amoun t  o f  informatio n i s 
on e an d th e discriminabilit y  i s  zero ,  whic h im -
plie s a  zer o salience ,  i t  i s  th e cas e tha t  th e slic e 
i s empty ,  se e belo w unde r  Identical . 
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Amount  o f  Informatio n o f  Zero :  A n amoun t  o f 
informatio n o f  zer o mean s tha t  al l  value s occu r 
wit h equa l  values ,  tha t  i s  th e frequenc y o f  oc -
currenc e o f  al l  th e value s i s identical .  I n tiii s 
case ,  w e defin e th e discriminabilit y  t o b e NIL , 
and th e salienc e i s a t  a  minimu m o f  zer o a s well . 
A salienc e o f  zer o ma y als o indicat e tha t  th e 
produc t  o f  amoun t  o f  informatio n wit h th e dis -
criminabilit y  i s ver y small ;  s o a  chec k fo r  a  nul l 
discriminabilit y  i s  necessar y t o distinguis h thi s 
case . 

Ordinary :  I f  non e o f  th e abov e condition s hold , 
ther e i s a t  leas t  on e othe r  relate d concep t  tha t 
has th e sam e mos t  likel y value .  Thi s i s th e 
typica l  case ,  an d her e th e salienc e an d discrim -
inabiUt y ar e jus t  a s defined . 

I n th e case s wher e mor e tha n on e valu e occur s 
wit h th e sam e maximu m frequency ,  th e amoun t  o f 
information ,  salienc e an d discriminabilit y  ar e calcu -
late d fo r  eac h o f  thes e mos t  likel y values . 

Demonstration 

Thi s sectio n describe s th e databas e use d t o 
demonstrat e th e method s jus t  described .  Th e 
databas e use d containe d almos t  2,00 0 databas e 
records ,  eac h o f  whic h ha s 2 4 fields  o f  information . 
Th e highes t  accurac y record s wer e manueJl y cre -
ate d t o b e use d t o tes t  th e accurac y o f  automate d 
method s o f  dat a extractio n [Krupk a e t  ai ,  1991] , 
and i t  wa s thes e manuall y create d record s tha t  wer e 
use d i n thi s demonstration .  T h e fields  tha t  contain s 
string s o f  natura l  languag e wer e m a d e canonica l 
(an d conceptual )  b y runnin g the m throug h th e sam e 
natura l  languag e progra m tha t  generate s th e entir e 
templates .  Thes e record s wer e create d fro m text s 
reportin g o n terroris t  activitie s i n Lati n America , 
and w e hav e natura l  languag e tex t  processin g pro -
gram s describe d elsewher e [Jacob s an d Rau ,  1990 ; 
Jacob s an d Rau ,  1993 ]  capabl e o f  generatin g thes e 
record s wit h close-to-huma n accuracy .  Usin g new s 
storie s a s a  sourc e suggest s tha t  thi s wor k ha s th e 
potentia l  t o operat e o n arbitrar y an d genera l  knowl -
edge ,  a s wel l  a s specifi c  databases .  Figur e 1  show s a 
sampl e messag e an d templat e fro m thi s set . 

Results of Demonstration 

Thi s sectio n describe s th e majo r  result s o f  th e 
demonstration .  22,32 0 salienc e measurement s wer e 
compute d b y lookin g a t  al l  slice s o f  th e databas e tha t 
containe d ove r  tw o members .  F ro m these ,  th e to p 
scorin g result s ar e reprinte d here .  T h e mos t  salien t 
slice s tha t  containe d nul l  value s ar e no t  include d i n 
thi s summary ,  althoug h th e salienc e o f  slice s tha t 
containe d nul l  value s wa s computed .  T h e correla -
tion s wit h missin g informatio n ca n b e useful ,  bu t 
the y conve y les s informatio n tha n th e othe r  associ -
ations . 

I n wha t  follows ,  th e Magnitud e i s th e numbe r  o f 
time s thi s combinatio n occurre d i n th e database . 

DEV-MUC4-0JS1 
BOGOTA.  IIAU O »9(EPE )  -  [TEXT )  SENATOR LUI S CARLOS 
OALAN.  UBERAL PARTY PRESIDENTIA L HOPEFUL,  WAS SHOT THI S EVENIN G 
WHEN H E WAS ABOUT TO  GIV E A  SPEECH A T MAI N SQUARE O P SOACHA.  I J 1 
SOUTH OF BOGOTA.  TT WAS CONFmMED B Y POLIC E AN D HEALTH AVraOR T 
AOCORDING TO THE FIRST REPORTS, AT LEAST ONE MAN FIRED ON THE SEh 
TOR PROM AMONG THOSE GATHERED.  TH E SENATOR B  CURRENTLY ATT H 
EMERGENCY ROOM OF A  HOSPITAL I N BOSA.  CLOSE T O SOACHA.  TWO OTHl 
PERSONS WERE WOUNDED DURING TH E ATTACK. 
a MESSAGE:  I D 
I.  MESSAGE:  TEMPLATE 
2.  INCIDEN T DATE 
3.  INCIDEN T LOCATION 
4.  INCIDEN T TYP E 
S.  INCIDEN T STAGE OF EXECUnON 
6.  INCIDEN T mmiUMENT I D 
7.  INCIDEN T INSTRUMENT TYP E 
8.  PERP;  INCIDEN T CATEGORY 
9.  PERP:  INDIVIDUA L I D 
10.  PERP:  ORGANIZATION I D 
11.  PERP:  ORGANIZATION CONFIDENCE 
IZPHYSTGTID 
13.  PHYSTGTTYPE 
14.  PHYS TO T NUMBER 
U.  PHYS TO T rOVBlO N NATIO N 
16.  PHYS TO T EFFECT OF INCIDEN T 
17.  PHYS TO T TOTAL NUMBER 
It .  HUM TO T NAME 
19.  HUM TG T DESCRIPTION 

DEV-MUC3-0351 
1 
18 AU G 8 9 
COLOMBIA:  SOACHA (Cm O 
ATTACK 
ACCOMPUSHED 
GUN: ••-" 
TERRORIST ACT 
•AT LEAST ONE MAN"  /  "ON E MAN" 

20.  HUM TG T TYP E 

21.  HUM TG T NUMBER 

22. HUM TGT FOREIGN NATION 
23.  HUM TG T EFFECT OF INCIDEN T 
24. HUM TGT TOTAL NUMBER 

"LUI S CARLOS GALAN" 
"LIBERA L PARTY PRESIDENnAL H C 
"SENATOR":  "LUI S CARLOS GALAN 
•TWO OTHER PERSONS" 
GOVERNMENT OFFICIAL ;  "LUI S CAl 
GAIj W 
aVILIAN :  "TW O OTHER PERSONS" 
1:  "LU K CARLOS GALAN" 
1 "TW O OTHER PERSONS" 
INJURY:  "LUIS CARLOS GALAN" 
INJURY:  "TW O OTHER PERSONS" 

Figur e 1 :  Exampl e Tex t  an d Dat a Extracte d 

th e Salienc e i s th e actua l  numerica l  salienc e o f 
th e result .  Recal l  tha t  th e slice s comput e fre -
quenc y distribution s o f  databas e fields  wit h respec t 
t o a  particula r  filler,  s o tha t  tha t  Fi l ler- 2 come s 
fro m a  differen t  databas e field  tha n th e Field-1 . 
T h e Field- i  an d Fi l ler- 2 defin e th e sUc e o f  th e 
database ,  wher e Fi l ler- 2 come s fro m Field-2 . 
T h e Mos t  Likel y Veilu e i s th e mos t  frequentl y oc -
currin g filler  i n thi s slice ;  i t  i s  on e o f  th e fillers  o f  th e 
Field-1 .  Fo r  example ,  th e first  resul t  indicate s tha t 
th e salienc e o f  human-e f  f  ect-of-accomplishe d i s 
.531 ,  an d tha t  th e mos t  likel y h u m a n effec t  whe n 
th e even t  i s  accomplishe d i s  DEATH.  Recal l  i n 
th e earlie r  example ,  w e calculate d th e salienc e o f 
location-of-kidnappin g wher e th e mos t  likel y 
valu e wa s als o COLOMBIA.  Al l  combination s tha t  ap -
peare d ove r  5 0 time s ar e show n an d wit h a  salienc e 
of  ove r  . 2 ar e shown . 

Analysis 

I t  i s  alway s a  difficul t  proble m t o evaluat e auto -
mate d discover y system s -  th e h u m a n canno t  deter -
min e wha t  discoverie s wer e no t  found ,  an d ther e ar e 
n o genera l  method s o f  judgin g th e inheren t  good -
nes s o f  an y give n discovery .  Howeve r  i t  i s  saf e t o 
sa y tha t  th e relationship s categorize d a s "salient " 
by thi s metho d indee d serv e t o discriminat e a m o n g 
relate d concepts ,  an d ar e prominen t  i n term s o f  rel -
ativ e frequenc y o f  co-occurrenc e whe n compare d t o 
othe r  simila r  dat a slices . 
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Field ! 
HUMAN-EFFECT 
PHYSICAUEFFECT 
LOCATION 
PERPETRATOR-ORG 
INSTRUMENT-TYPE 
INSTRUMENT 
PERPETRATOR-ORG 
LOCATION 
INSTRUMENT 
LOCATION 
HUMAN-TYPE 
PERPETRATOR-ORG 
INSTRUMENT-TYPE 
HUMAN-EFFECT 
PHYSICAL-EFFECT 
HUMAN-EFFECT 
INSTRUMENT 
CATEGORY 
INSTRUMENT 

Filler- J 
ACCOMPL ISHED 
ACCOMPLISHED 
TERRORIST-ACT 
PERU 
ATTACK 
BOMBING 
EL-SALVADOR 
ACCOMPLISHED 
BOMBING 
SHINING-PAT H 
ACCOMPLISHED 
TERRORIST-ACT 
TERRORIST-ACT 
SOME-DAMAGE 
TERRORIST-ACT 
BOMBING 
TERRORIST-ACT 
ACCOMPLISHED 
ACCOMPLISHED 

FiFld- 2 
STATE 
STATE 
CATEGORY 
LOCATION 
TYPE 
TYPE 
LOCATION 
STATE 
TYPE 
PERPETRATOR-ORG 
STATE 
CATEGORY 
CATEGORY 
PHYSICAL-EFFECT 
CAT 
TYPE 
CATEGORY 
STATE 
STATE 

Moit-Likely-Valu e 
DEATH 
SOME-DAMAGE 
COLOMBIA 
SHINING-PATH 
GUN 
BOMB 
FMLN 
EL-SALVADOR 
BOMB 
PERU 
CIVILIA N 
FMLN 
BOMB 
INJURY 
SOME-DAMAGE 
INJURY 
BOMB 
TERRORIST-ACT 
BOMB 

Magnitud e 
487 
212 
33i 
53 
123 
155 
155 
424 
108 
53 
502 
158 
138 
61 
92 
86 
96 
790 
148 

Salienc e 
5310 
5110 
4710 
4460 
4090 
4070 
3910 
.345 0 
.344 0 
3330 
3240 
3200 
3140 
.306 0 
2980 
2970 
2720 
2140 
2020 

Figur e 2 :  S a m p l e o f  Result s o f  Salienc e C o m p u t a t i o n 

U s e s 

Th e salienc e resul t  ca n b e use d i n a  variet y o f  dif -
feren t  ways .  S o m e o f  th e high-salienc e dat a re -
flect  logica l  association s betwee n slots ,  suc h a s tha t 
when a  PHYSical-TARGE T suffer s N O DAMAGE,  an y 
HUMAI-EFFECT i s likel y t o b e 1 0 IIJUR Y O R DEATH. 
Anothe r  exampl e o f  thes e logica l  association s i s th e 
relationshi p betwee n certai n perpetrato r  organiza -
tion s (PERP-ORG,  fo r  exampl e SHINII G PATH)  an d 
th e locatio n PERU wher e thes e organi2ation s reside . 
£>etectin g suc h slo t  inter-dependencie s i s critica l  i n 
orde r  t o correctl y appl y an y futur e machin e learnin g 
method s tha t  assum e independence . 

Anothe r  us e o f  thes e result s i s t o ai d i n th e de -
terminatio n o f  whic h question s t o as k t o effectivel y 
differentiat e a n event .  Fo r  example ,  suppos e a n 
analys t  i s  intereste d i n discriminatin g TERRORIST 
ACTS fro m STATE-SPOISORED VIOLEMCE.  Th e mos t 
effectiv e slo t  t o kno w i s tha t  whic h i s mos t  salien t 
wit h respec t  t o th e slo t  on e wishe s t o differenti -
at e upon .  Thi s give s th e analys t  guidanc e a s t o 
whic h informatio n i s mos t  likel y t o differentiat e on e 
fro m th e other .  Fo r  example ,  i n thi s case ,  th e 
PERPetrator-OR G diflTerentiate s thes e tw o type s o f 
event s ver y well .  Th e salienc e result s als o allo w a 
syste m analys t  t o mak e predictions .  Fo r  exampl e 
when a  bombin g o f  a n EIERG Y structur e i s encoun -
tered ,  th e abov e result s len d credenc e t o th e hypoth -
esi s tha t  i t  wa s DESTROYED i n E L SALVADOR an d tha t 
i t  wa s a  TERRORIST ACT .  Thi s predictio n i s justifie d 
becaus e thes e filler s occu r  mor e frequentl y tha n an y 
other ,  an d discriminat e betwee n othe r  type s o f  struc -
ture s tha t  ar e PHYSical-TARGETs . 

Related Work 

This computation of salience builds upon the orig-
ina l  formulatio n o f  Tversk y [Tversky ,  1977 ]  an d 
th e implementatio n outline d i n Iwayama ,  et .  al . 
[Makot o e t  al. ,  1990] .  I n peirticular ,  thi s pape r  ex -
pand s th e applicabilit y  t o a n eirbitrar y databas e b y 
abandonin g th e distinctio n betwee n concept s an d 
feature s o f  concepts .  W e examin e sd l  combination s 

of  filler s an d field s exhaustively .  Tha t  is ,  Iwayam a 
assumes ther e ar e categorie s suc h a s fruit ,  wit h 
members suc h a s apples ,  laaons ,  an d tha t  thes e 
categor y member s hav e certai n attribute s o r  feature s 
suc h a s colo r  an d shape .  Here ,  w e propos e on e 
databas e fiel d (sa y incident-type ,  whic h ha s th e 
filler s suc h a s kidnappin g an d bombing )  t o b e a 
categor y an d examin e th e saUenc e wit h respec t  t o 
anothe r  databas e fiel d (sa y location) ,  puttin g th e 
locatio n field  i n plac e o f  th e attribut e o r  role .  W e 
als o comput e th e salienc e o f  th e revers e situation , 
examinin g al l  location s wit h respec t  t o th e incident -
type s tha t  occu r  wit h thos e locations .  Whil e i t  ma y 
see m a s i f  frui t  someho w "make s a  bette r  category " 
tha n color ,  an d colo r  make s a  bette r  "role "  tha n 
fruit ,  i n fac t  thes e distinction s ar e artificial .  I t  i s 
possibl e t o comput e th e salienc e o f  color-ol-appl e 
jus t  a s i t  i s  possibl e t o comput e th e salienc e o f 
fruit-of-red .  I n th e on e case ,  apple s jw e fillers 
of  frui t  categorie s tha t  hav e colo r  roles .  I n th e othe r 
case ,  re d i s a  filler  o f  colo r  categorie s tha t  hav e frui t 
roles .  Thi s blurrin g o f  th e distinctio n betwee n cat -
egorie s an d role s enable s th e determinatio n o f  wha t 
i s mos t  salien t  i n a n arbitrar y database .  Finally ,  w e 
hav e show n th e utilit y  o f  th e measur e b y runnin g i t 
on a  rea l  databas e wher e th e frequency ,  value s ar e 
empiricall y determined . 

A grea t  dea l  o f  researc h ha s addresse d th e proble m 
of  wha t  a  syste m migh t  kno w o r  believ e [Halpern , 
1986 ;  Vardi ,  1988] .  Th e wor k describe d her e con -
tribute s t o tha t  bod y o f  researc h b y addin g a  ne w 
metri c tha t  i s cjilculate d fro m wha t  i s known ,  th e 
salienc e o f  knowledge .  Thi s wor k i s relate d t o recen t 
wor k i n th e are a o f  knowledg e discover y i n database s 
[Piatetsky-Shapir o an d Frawley ,  1991 ]  tha t  attempt s 
t o lear n ne w knowledg e fro m th e structur e an d con -
ten t  o f  databases .  However ,  th e particula r  proble m 
of  computin g salienc e o f  knowledg e ha s no t  bee n di -
rectl y addresse d i n thi s ne w researc h area . 

Limitations and Future Directions 

Th e primar y are a fo r  futur e wor k i s i n th e applica r 
tio n o f  th e technique s describe d her e t o improv e th e 
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efficienc y an d accurac y o f  rea l  progranns .  Som e pos -
sibilitie s ar e t o focu s searc h o n salien t  items ,  rela x 
an informatio n reques t  fo r  case-base d reasonin g o r 
informatio n retrieva l  alon g salien t  dimensions ,  filte r 
out  salien t  discoverie s fro m th e outpu t  o f  a  inachin e 
learnin g program ,  an d focu s reasonin g processe s o n 
salien t  characteristic s o f  a  proble m domain . 

One theoretica l  issu e stil l  t o b e investigate d her e 
i s th e effec t  o f  contex t  o n th e se t  o f  "relate d items " 
use d i n thi s salienc e computation .  A s ha s bee n 
shown b y Orton y [Orton y e t  ai ,  1985] ,  th e feature s 
of  concept s an d concept s themselve s judge d a s sim -
ila r  (related )  i s heavil y influence d b y context .  On e 
artifac t  o f  thi s implementatio n ha s t o d o wit h indi -
vidua l  style s o f  creatin g th e answe r  ke y fro m whic h 
tha t  dat a wa s obtained .  Eac h participeui t  create d 
100 templates ,  an d som e ha d particula r  way s o f  in -
dicatin g certai n event s tha t  othe r  site s di d not .  Thi s 
makes th e peculiaritie s o f  a  give n individual' s tem -
plat e filling  styl e appea r  salient .  Thi s sirtifac t  ca n b e 
an advantag e i n tha t  th e method s describe d her e ca n 
detec t  suc h pecularitie s t o improv e th e consistenc y 
of  an y databas e wher e dat a i s entere d manuall y b y 
a variet y o f  individuals . 

Conclusions 

This paper began with an aneJysis of the notion of 
conceptua l  salience .  A  specifi c  computatio n wa s de -
taile d fo r  automaticall y determinin g th e conceptua l 
salienc e o f  a  knowledg e o r  database .  Th e computa -
tio n combine s th e amoun t  o f  informatio n wit h th e 
discriminabilit y  t o produc e a  numerica l  score .  Thi s 
calculatio n wa s validate d b y computin g th e salienc e 
of  combination s o f  databas e fillers  o n a  1,90 0 recor d 
database . 

Thi s wor k i s importan t  no t  onl y fo r  th e method s 
and computation s describe d here ,  bu t  fo r  investi -
gatin g ne w question s w e woul d lik e larg e knowledg e 
base d syste m t o b e abl e t o answe r  -  question s suc h 
as "wha t  d o yo u kno w tha t  i s important? "  an d 
"wha t  stand s out?" .  Lookin g a t  area s tradition -
all y reserve d fo r  th e purel y cognitiv e realm ,  suc h a s 
meta-question s o f  knowledg e scop e an d extent ,  offer s 
a ne w perspectiv e fro m whic h t o develo p computa -
tiona l  answers . 
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