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C a l c u l a t i n g B r e a d t h 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 ,  Exete r  U K 

Abstrac t 

Since the advent of computers, information sys-
tem s hav e grow n i n term s o f  th e quantit y o f 
knowledg e the y dea l  with .  Advance s i n dat a 
mjuiagemen t  ar e o n th e critica l  pat h fo r  usabil -
it y o f  thes e systems .  Thi s pape r  report s o n a 
nove l  approac h t o a n importan t  problem ;  tha t 
of  calculatin g th e conceptus d breadt h o f  knowl -
edg e o r  dat a i n a  knowledg e bas e o r  database . 
Breadt h determinatio n i s usefu l  i n tha t  ascrib -
in g meta-leve l  knowledg e o f  conceptua l  conten t 
csa i  hel p t o predict ,  fo r  example ,  th e validit y o f 
th e closed-worl d assumptio n o r  th e likelihoo d 
of  encounterin g ne w informatio n o f  a  particula r 
type .  T h e poin t  a t  whic h a  syste m determine s 
i t  i s  likel y t o hav e breadt h i n a  give n knowl -
edg e are a m a y als o serv e a s th e trigge r  poin t 
fo r  calculation s tha t  assum e relativel y complet e 
knowledg e i n tha t  area .  Th e accurat e determi -
natio n o f  whe n a  syste m ha s complet e knowl -
edg e i n a n are a i s  crucia l  fo r  th e accurat e ap -
plicatio n o f  m a n y A I  algorithms . 

Introduction 

As informatio n system s continu e t o gro w i n siz e an d 
complexity ,  i t  become s mor e an d mor e critica l  t o develo p 
innovativ e method s o f  ascertainin g th e content s o f  thes e 
informatio n systems .  Thre e feature s motivat e suc h a 
construction :  (1 )  someon e unfamilia r  wit h th e databas e 
ca n pos e genera l  question s abou t  th e breadt h o f  conten t 
of  th e syste m (suc h a s "d o yo u kno w abou t  X ? " ) ;  (2 )  th e 
syste m cji n no w distinguis h potentiall y  missin g informa -
tio n fro m informatio n no t  likel y t o exist ,  i.e. ,  th e dif -
ferenc e betwee n a  "no "  respons e an d a n " I  don' t  know " 
respons e an d (3 )  knowin g whe n complet e knowledg e ex -
ist s allow s fo r  processe s tha t  depen d o n thi s assumptio n 
t o operate .  Fo r  example ,  th e wor k o f  Pollac k [Pollack , 
1986 ]  o n pla n failur e analysi s assume s th e syste m ha s 
complet e knowledg e o f  wha t  th e use r  knows .  Knowin g 
when thi s i s  assumptio n i s  vaU d i s  critica l  i n orde r  t o 
correctl y appl y th e methods .  Th e las t  tw o motivation s 
addres s th e importan t  proble m o f  knowin g whe n t o ap -
pl y th e close d worl d hypothesi s [Reiter ,  1978] ;  tha t  ev -
erythin g no t  know n i s false . 

Thi s pape r  report s o n a  theor y an d implementatio n 
of  th e cognitiv e notio n o f  conceptua l  breadth ,  a  concep t 

not  typicall y modelle d fro m a  computationa l  perspec -
tive .  Whil e th e concep t  o f  breadt h 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  computationa l  mechanis m fo r  de -
terminin g breadth .  B y implementin g thi s computatio n 
on a n arbitrar y knowledg e o r  dat a base ,  i t  i s no w possi -
bl e t o construc t  a  meta-representatio n fo r  th e scop e o r 
limit s o f  wha t  a  syste m know s about .  Th e representa r 
tio n i s a  "meta-representation "  becaus e i t  i s  knowledg e 
abou t  th e knowledg e i n th e system . 

Thi s wor k i s on e portio n o f  a  large r  projec t  t o provid e 
computationa l  method s fo r  automaticall y derivin g wha t 
a syste m knows ,  fo r  example ,  wha t  i s salien t  [Rau ,  1992] . 
Breadt h o f  knowledg e i s th e notio n o f  havin g a  concep -
tua l  coverin g o f  a  subjec t  area .  Thi s coverin g ma y b e 
shallo w o r  deep .  Becaus e virtuall y al l  database s neces -
saril y  cove r  a n arbitrar y knowledg e aiea, ,  i t  i s  usefu l  t o 
make a  distinctio n betwee n absolut e breadt h an d relativ e 
breadth .  Relativ e breadt h i s breadt h wit h respec t  t o th e 
domai n o f  operatio n o f  a  system .  Relativ e breadt h i s 
achieve d whe n a  syste m contain s knowledg e alon g al l  o f 
it s possibl e expecte d dimensions .  Fo r  example ,  conside r 
a databas e tha t  contains ,  amon g othe r  things ,  informa -
tio n abou t  busines s occupatio n fo r  eac h perso n i n th e 
database .  I t  migh t  b e limite d t o encounterin g onl y cer -
tai n occupation s du e t o th e sampl e o f  th e populatio n i n 
th e database ,  fro m a  socio-economic ,  regional ,  ag e o r  se x 
relate d o r  functiona l  perspective .  Fo r  relativ e breadth , 
seein g almost  al l  o f  thi s subse t  o f  occupation s i s suffi -
cient . 

For  absolut e breadth ,  th e se t  o f  occupation s encoun -
tere d shoul d approximat e th e se t  o f  al l  occupation s peo -
pl e hav e wit h an y regularity .  Tha t  is ,  absolut e breadt h i s 
achieve d whe n th e syste m ha s see n al l  th e possibl e value s 
a give n field  ca n tak e fro m th e standpoin t  o f  a n objec -
tiv e measur e o f  h u m a n knowledge .  Clearly ,  computin g 
absolut e breadt h i s th e mor e challengin g problem . 

Thi s pape r  discusse s algorithm s fo r  computin g abso -
lut e an d relativ e breadt h wit h respec t  t o bot h ope n clas s 
(infinite )  categories ,  an d close d clas s (finite )  categories . 
I t  detail s th e computationa l  metho d use d t o ascertai n 
relativ e breadt h fo r  close d clas s categories ,  an d provide s 
an experimenta l  validatio n o f  th e metho d o n a  tes t  o f 
a 1,91 7 recor d databas e produce d b y a n N L P system . 
Wit h thes e results ,  user s m a y pos e question s suc h a s 
"What  countrie s o f  interes t  doe s thi s databas e cover? " 
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and obtain ,  i n additio n t o a  lis t  o f  thos e countries ,  th e 
informatio n a s t o whethe r  thes e ar e al l  th e countrie s o r 
jus t  th e covnirie a th e syste m happen s t o hav e see n u p 
t o tha t  point .  O f  additiona l  utility ,  exper t  reasonin g sys -
tem s ca n m a k e likel y inference s base d o n th e close d worl d 
assumptio n wit h thi s typ e o f  analysis . 

Overview of Methodology 

In this section, I describe the expected functionahty 
of  a  breadt h calculatio n i n genera l  terms ,  followe d b y 
th e specifi c  algorithm s tha t  implemen t  thi s functionality . 
The experimenta l  result s ar e als o described . 

Functionality 

Intuitively ,  a  syste m ha s broei d knowledg e i n a  give n are a 
when i t  "know s about "  (tha t  is ,  ha s instance s of )  vir -
tuall y al l  o f  th e possibl e manifestation s o f  knowledg e 
i n tha t  area .  Translate d int o databas e ternns ,  give n a 
databas e fiel d / *  tha t  contaun s uniqu e fillers  (types ,  no t 
tokens )  (/i ,  / 2 •  •  •  >  / n ) ,  th e syste m ha s breadt h o f  knowl -
edge wit h respec t  t o j ^  whe n i t  ha s encountere d virtuall y 
al l  th e /,- ,  independen t  o f  ho w frequentl y eac h o f  th e f i 
appears .  T h e assumptio n her e i s  tha t  a  databas e field 
filled  wit h a  valu e i s equivalen t  t o th e databas e "know -
ing "  tha t  mformation^ . 

Thi s straightforwar d observatio n implie s tha t  whe n a 
syste m ha s seen ,  i n a  particula r  field,  a s m a n y distinc t 
fillers  a s tota l  nume r  o f  fillers,  th e expectatio n i s  tha t 
breadt h ha s no t  bee n achieved ,  an d tha t  ther e i s a  po -
tentiall y  sizabl e numbe r  o f  unsee n fillers  no t  ye t  encoun -
tered .  Tha t  is ,  whe n ever y filler  o f  a  field  i s unique ,  i t  i s 
more likel y tha t  th e nex t  filler  wil l  als o b e unique .  Con -
versely ,  whe n a  syste m ha s experience d hig h redund«mc y 
i n th e distinc t  fillers,  and/o r  ha s no t  see n ne w distinc t 
fillers  fo r  a  while ,  th e intuitio n an d expectatio n i s  tha t 
th e syste m ha s likel y see n mos t  i f  no t  al l  th e fillers  i t  i s 
likel y t o encounter ,  an d breadt h ha s bee n achieved .  Thi s 
scenari o i s comphcate d whe n i t  i s  impossibl e eve r  t o hav e 
breadt h o f  knowledg e give n a n infinit e numbe r  o f  possi -
bl e distinc t  type s o f  fillers.  T h e nex t  sectio n describe s 
ho w thi s an d th e abov e functionalit y i s achieved . 

Implementation 

As w e hav e jus t  seen ,  th e ke y concep t  fo r  th e compu -
tatio n o f  breadt h i s th e certaint y tha t  th e syste m ha s 
seen al l  possibl e instance s o f  a  give n concept .  T o com -
put e this ,  th e syste m mus t  first  mak e a  judgemen t  a s 
t o whethe r  th e fillers  consis t  o f  a  close d o r  ope n class . 
Tha t  is ,  th e syste m mus t  determin e whethe r  th e type s 
of  fillers  ar e finite  o r  infinite .  A  close d clas s i s a  clas s o f 
object s wit h a  fixed  se t  o f  members ,  an d doesn' t  change . 
An ope n class ,  o n th e othe r  hand ,  ha s n o finite  numbe r 
of  possibl e members .  Fo r  example ,  th e syntacti c cate -
gor y o f  determine r  i s a  close d clas s consistin g o f  a  smal l 

'Not e tha t  thi s onl y applie s t o knowin g th e content s o f  a 
category ,  wher e categor y i s define d b y th e field s i n a  database . 
For  example ,  i n th e databas e use d heie ,  countr y i s a  field . 
More comple x concepts ,  suc h a s "bi g countries "  o r  "thing s 
lik e countries "  ca n b e handle d i n exactl y th e sam e manne r 
as lon g a s a  clas s membershi p functio n ca n b e defined . 

set  o f  word s (suc h a s a ,  the ,  this ,  etc.) .  T h e syntac -
ti c categor y o f  nou n i s a n ope n class ,  a s jus t  abou t  an y 
wor d ca n b e a  noun ,  an d ne w noun s ar e create d al l  th e 
time .  Thi s qualitativ e distinctio n i s  usefu l  fo r  natura l 
languag e processin g becaus e a  syste m mus t  b e abl e t o 
predic t  th e par t  o f  speec h fo r  a  new ,  unknow n word .  I t 
i s  importan t  fo r  A I  system s i n genera l  becaus e i t  give s 
informatio n a s t o whe n i t  migh t  b e correc t  t o appl y a 
close d worl d assumption . 

I n summary ,  i n orde r  t o comput e breadth ,  th e syste m 
must  b e abl e t o perfor m tw o functions :  (1 )  differenti -
at e betwee n case s wher e ther e ar e potentiall y  infinitel y 
m a ny uniqu e instanc e type s (open-clas s fills)  an d case s 
wher e th e instance s com e fro m a  finite  se t  (closed-clas s 
fills)  an d (2 )  quantif y "virtuall y  all "  s o tha t  th e expecta r 
tio n o f  whe n breadt h i s achieve d i s satisfied .  Thi s i s don e 
by providin g a  numerica l  threshol d base d o n th e prob -
abilit y o f  th e give n distribution' s containin g onl y thos e 
distinc t  types ,  unde r  th e assumptio n tha t  th e distribu -
tio n o f  value s dread y see n provide s limit s o n th e natur e 
of  th e distributio n i n th e database . 

Determining Class Boundedness 

Althoug h th e distinctio n betwee n a n ope n clas s an d a 
close d clas s i s no t  alway s clea r  [Collin s e t  ai ,  1975] ,  fro m 
th e perspectiv e o f  a  database ,  fillers  o f  a  field  ca n alway s 
be s o classified . 

S o me database s m a y hav e a  dat a dictionar y tha t  give s 
typ e informatio n fo r  eac h field  o f  eac h record .  Thi s infor -
matio n doe s no t  alway s m a p int o a  correc t  open/close d 
clas s determination ,  a s i n th e cas e o f  perso n age .  Per -
so n ag e i n a  dat a dictionar y m a y simpl y b e a  numbe r 
(a n ope n class )  wherea s i n reaht y i t  i s a  close d clas s o f 
number s fro m 0  t o 12 0 o r  so .  Howeve r  i t  i s  quit e eas y t o 
specif y manually ,  fo r  eac h field,  whethe r  i t  i s  close d o r 
ope n class ,  s o thi s i s a n optio n a s well . 

T h e eaisies t  purel y automate d metho d fo r  determin -
in g whethe r  value s o f  th e field  o r  slo t  ar e member s o f  a 
close d clas s o r  a n ope n clas s i s t o loo k a t  th e numbe r  o f 
distinc t  values .  Ther e ar e muc h large r  (orde r  o f  magni -
tude )  number s o f  distinc t  value s i n ope n clas s fields  i n 
any dat a o r  knowledg e bas e o f  reasonabl e size .  A  reason -
abl e size d databas e woul d contai n a t  leas t  thousand s o f 
records .  Althoug h i t  i s  possibl e t o hav e a  closed-clas s fill 
tha t  contain s thousand s o f  element s (fo r  exampl e i n th e 
cas e o f  citie s o f  th e world) ,  thes e "borderline "  case s ar e 
bes t  assume d t o b e open-class ,  a s i t  i s  likel y tha t  th e se t 
of  possibl e fills  i s  no t  exhaustive .  I t  i s a  saf e assumptio n 
the n tha t  closed-clas s fills,  b y thei r  nature ,  ar e bounde d 
an d th e numbe r  o f  choice s i s dwarfe d b y th e numbe r  o f 
instance s i n larg e samples .  Therefore ,  computin g thes e 
value s fo r  a  sampl e o f  th e dat a wil l  neatl y classif y a  field 
as eithe r  closed-clas s o r  open-class . 

Determining Breadth 

T h e nex t  fou r  section s discus s th e breadt h computa -
tio n fo r  eac h o f  th e fou r  case s o f  relativ e o r  absolut e 
breadt h wit h respec t  t o ope n o r  close d classes .  Recal l 
tha t  relativ e breadt h i s  breadt h o f  knowledg e wit h re -
spec t  t o a  system' s domai n o f  operation ,  a s oppose d t o 
some objective ,  absolut e measur e o f  h u m a n knowledge , 
terme d absolut e breadth . 
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Relativ e B read th ,  Close d Class :  T h e proble m o f 
determinin g relativ e breadt h fo r  a  close d clas s categor y 
i s equivalen t  t o th e proble m o f  maikin g a  determinatio n 
as t o whe n th e syste m ha s see n almos t  all ,  i f  no t  all , 
of  th e member s of  tha t  category .  T h e threshol d fo r  thi s 
determinatio n ca n b e manipulate d accordin g t o ho w cer -
tai n yo u woul d lik e th e syste m t o b e i n thi s judgement . 
Relativ e breadt h of  a  close d clas s categor y translate s int o 
th e poin t  a t  whic h th e rati o o f  th e numbe r  o f  distinc t 
filler s see n t o th e tota l  numbe r  of  fillers  see n (cal l  thi s 
d /  n )  i s  aroun d 1  i n T ,  wher e T  i s th e threshold .  I n 
th e cas e wher e th e numbe r  o f  distinc t  fillers  i s equa l  t o 
th e numbe r  o f  fillers,  thi s rati o i s equa l  t o 1 .  I n thi s 
case ,  th e syste m ha s see n onl y uniqu e instance s an d in -
tuitivel y woul d expec t  t o se e more ;  i t  ha s n o reaso n t o 
beUev e tha t  i t  ha s breadth .  I n case s wher e thi s rati o i s 
smal l  an d n  i s large ,  th e syste m ha s see n m a n y instance s 
of  th e finite  se t  of  fillers.  Takin g thi s distributio n t o b e a 
goo d approximatio n t o th e expecte d distributio n acros s 
th e database ,  th e syste m i s unUkel y t o se e an y additiona l 
distinc t  fillers.  I n thi s case ,  w e ca n assum e th e syste m 
has breadth .  T h e poin t  a t  whic h thi s cutof f  i s  mad e de -
pend s o n ho w certu n yo u woul d lik e th e syste m t o b e i n 
it s breetdt h determination . 

I n pztfticulair ,  a t  an y give n poin t  i n time ,  th e syste m 
compute s either : 

1.  Breadt h ha s bee n achieved .  Al l  th e mos t  frequentl y 
occurrin g kind s o f  fillers  hav e bee n seen ,  an d th e 
onl y outlier s ar e likel y t o b e anomaJou s o r  bot h ex -
tremel y infrequen t  an d smal l  i n numbe r  compare d 
t o th e tote d numbe r  o f  distinc t  fillers. 

2.  Breadt h ha s no t  bee n achieved .  T h e frequenc y o f 
ne w fillers  i s suc h tha t  i t  i s  likel y tha t  ther e ar e ad -
ditiona l  fillers  tha t  th e syste m ha s ye t  t o encounter , 
or  ther e i s insufficien t  dat a t o judge . 

We hav e experimente d wit h mor e complicate d formu -
lation s involvin g informatio n theor y an d statistics ,  bu t 
thi s simpl e heuristi c capture s th e intuitio n bl s wel l  a s th e 
data .  T h e intuitio n i s tha t  breadt h i s achieve d whe n yo u 
ar e likel y t o hav e see n al l  th e instance s ther e are .  T h e 
result s ar e describe d i n th e nex t  section . 

Absolute Breadth, Closed Class: Absolute 
breadt h wit h a  close d clas s categor y take s advantag e o f  a 
generi c conceptua l  hierarchy .  Thi s hierarch y wa s buil t  t o 
suppor t  generi c tex t  processing ,  an d contain s concept s 
representin g th e mos t  frequen t  word s o f  Englis h an d ap -
propriat e super-categories .  Becaus e i t  ha s broa d cover -
age of  th e mor e frequently  use d concept s tha t  ar e use d i n 
language ,  i t  i s  a  goo d domain-independen t  startin g poin t 
fo r  experiment s comparin g syste m knowledg e t o genera l 
h u m an knowledge .  Absolut e breadt h i s achieve d whe n 
ove r  som e percentag e of  th e member s o f  th e closed-clas s 
category ,  a s dictate d b y th e hierarchy ,  hav e bee n seen . 
T h e ex2u; t  percentag e depend s o n wha t  percentag e o f  th e 
knowledg e are a on e assume s need s t o b e covere d befor e 
breadt h i s achieved .  Certainl y mor e tha n 5 0 % ,  probabl y 
mor e tha n 7 5 % ,  an d les s tha n 100% .  Workin g wit h th e 
valu e of  9 8 % ,  a  simpl e exampl e i s breadt h o f  knowledg e 
of  th e state s i n th e U.S .  Give n tha t  ther e ar e absolutel y 
an d precisel y 5 0 states ,  th e syste m woul d hav e breadt h 

of  knowledg e o f  wha t  th e state s i n th e U.S .  wer e i f  i t 
kne w o f  an y 49 . 

Absolute Breadth, Open Class: It is very difficult 
t o determin e a n absolut e measur e o f  breadt h fo r  a n ope n 
clas s category .  Fo r  example ,  conside r  th e proble m o f 
ascertainin g breadt h of  knowledg e abou t  th e differen t 
shape s tha t  snowflake s ca n be ;  somethin g tha t  a t  leas t 
fol k scienc e beUeve s t o b e infinite .  Sinc e i t  i s  no t  possi -
bl e eve n fo r  a n exper t  t o kno w al l  th e member s o f  thi s 
conceptua l  category ,  i t  i s  impossibl e t o determin e whe n 
someone i s likel y t o hav e breadt h i n thi s category ,  fro m 
an absolut e perspective . 

However  i f  th e element s o f  th e open-clas s ca n b e cor -
rectl y assigne d t o superclasse s (conceptua l  parents) ,  th e 
simpl e percentag e o f  th e tota l  possibl e element s a s de -
fined  b y a  generi c conceptua l  hierarch y ca n giv e a n 
approximatio n o f  whe n absolut e breadt h o f  a n open -
clas s categor y ha s bee n achieved .  Continuin g wit h th e 
snowflak e example ,  i f  snowflake s ca n b e mappe d int o su -
perclasse s (on e suc h assignmen t  m a y b e b y th e shap e 
of  th e perimeter ;  hexagonal ,  round ,  five-pointed  star , 
etc.) ,  the n som e breaidt h i s achieve d whe n al l  th e possibl e 
shape s hav e bee n seen . 

Ther e ar e tw o obstacle s t o overcom e i n orde r  fo r  thi s 
approac h t o succeed .  T h e first  i s  correctl y determinin g 
th e superclas s categorizatio n fo r  eac h individual .  I n ad -
ditio n t o choosin g th e correc t  paren t  fro m multipl e pos -
sibl e parent s o f  eac h individual ,  th e hierarch y ma y no t 
contai n a  paren t  whos e element s correspon d t o exactl y 
th e se t  o f  possibl e individuals .  Fo r  example ,  th e se t  o f 
possibl e shape s o f  snowflake s i n th e worl d m a y no t  con -
tcii n shape s wit h les s tha n fou r  sides .  Second ,  whe n th e 
superclas s itsel f  i s  infinite ,  a s th e categor y o f  "shape " 
surel y is ,  th e superclas s mus t  b e recursivel y partitione d 
int o it s superclass .  I f  n o finite  partitio n exists ,  i t  i s  no t 
possibl e t o determin e absolut e breadt h o f  thi s ope n class . 
Thes e ar e non-trivia l  problem s requirin g som e theor y o f 
superclasses ,  stil l  unde r  formulation . 

Relative Breadth, Open Class: The solution to this 

cas e i s simila r  t o th e absolut e breadth ,  ope n clas s case . 

Where ther e ar e potentiall y  infinitel y man y uniqu e in -

stance s (open-class) ,  i t  i s  sufficien t  t o hav e see n a t  leas t 

one o f  ever y clas s o f  instanc e o f  th e possibl e vsilue s i n 

tha t  are a i n orde r  t o hav e achieve d breadth .  Tha t  is , 

breadt h wit h respec t  t o ope n clas s value s i s calculate d b y 

usin g th e conceptua l  paren t  o f  eac h filler  a s oppose d t o 

th e filler  itsel f  i n th e sam e ceilculatio n a s fo r  close d clas s 

values .  T h e paren t  o f  eac h filler  i s  compute d b y deter -

minin g th e conceptua l  categor y tha t  th e uniqu e value s 

belon g to .  Fo r  anothe r  example ,  give n a  uniqu e perso n 

name,  w e transfor m tha t  nam e t o th e categor y o f  human . 

T h e sam e problem s wit h correc t  classificatio n stil l  re -

main .  Fo r  example ,  a  give n perso n m a y b e subcatego -

rize d a s a  militar y office r  o r  governmen t  official , 

eac h o f  thes e subcategorie s i n tur n ar e human .  Thu s de -

106 4 



terminin g closed-claa s "clusters "  o f  th e open-clas s value s 

require s additiona l  mechan ics .  T h e m e t h o d s t o per for m 

thi s clusterin g accuratel y ar e currentl y unde r  exper imen -

tation .  Afte r  th e cluster s ar e determined ,  the y wil l  b e 

treate d i n th e s a m e m a n n e r  a s th e trul y closed-clas s val -

ue s t o provid e a  threshol d fo r  th e breadt h decision . 

Experimental Results 

Thi s sectio n detail s som e o f  th e result s o f  runnin g 
th e computation s jus t  describe d o n a  database .  Th e 
databas e use d containe d ahnoe t  2,00 0 databas e record s 
of  informatio n automaticall y extracte d fro m text s re -
portin g o n terroris t  activitie s i n Lati n America .  Thes e 
record s wer e ai l  create d wit h a  natura l  languag e tex t  pro -
cessin g program ,  describe d elsewher e [Jacob s an d Rau , 
1990 ;  Jacob s an d Rau ,  1993 ;  Krupk a e t  ai ,  1991] .  Usin g 
news 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  knowledge , 
as wel l  a s specifi c  databases .  Figur e 1  show s a  sampl e 
message aui d templat e fro m thi s set . 

DEV-MUC4-CB51 
BOGOTA,  1 8 AU G 8 9 (EFE )  — [TEXT ]  SENATOR UHS CARLOS GALAN,  UBERAL 
PARTY PRESIDENTIA L HOPEFUL,  WAS SHOT THI S EVENIN G WHEN H E WAS 
ABOUT T O GIV E A  SPEECH A T MAI N SQUARE OF SOACHA,  1 5 K M SOUTH OF 
BOGOTA,  I T WAS CONFIRMED B Y POUCE AN D HEALTH AUTHORmES. 
ACODRDING TO THE FIRST REPORTS. AT LEAST ONE MAN FIRED ON THE 
SENATOR FROM AMONG THOSE GATHERED.  TH E SENATOR I S CURRENTLY A T 
THE EMERGENCY ROOM OF A  HOSPTTAL I N BOSA.  CLOSE T O SOACHA TWO 
OTHER PERSONS WERE WOUNDED DURING TH E ATTACK. 
0.  MESSAGE:  I D 
1.  MESSAGE:  TEMPLAm 
2.  INCIDEN T DATE 
3.  INCIDEN T LOCATION 
4.  INCIDEN T TYP E 
5.  INCIDEN T STAGE OF EXECUTION 
6.  INCIDEN T INSTRUMENT I D 
7.  INCIDEN T INSTRUMENT TYP E 
8.  PERP:INCIDEK T CATEGORY 
9.  PERP:INDrVlDUALI D 
10.  PERP:  ORGANIZATION I D 
11.  PERP:  ORGANIZATION CONFIDENCE 
12.  PHYSTGTID 
13.  PHYSTGTTYPE 
M.  PHYS TG T NUMBER 
15.  PHYS TG T FOREIGN NATIO N 
16.  PHYS TG T EFFECT OF INCIDEN T 
17.  PHYS TG T TOTAL NUMBER 
18.  HUM TGT.  NAME 
19.  HUM TG T DESCRIPTION 
HOPEFUL"  / 

20.  HUM TG T TYP E 
CARLOS 

21.  HUM TG T NUMBER 

22. HUM TOT FOREIGN NATICffl 
23.  HUM TGT EFFECT OF INCIDEN T 
24. HUM TGT TOTAL NUMBER 

DEV-MUC3-03S1 
1 
18 AU G 8 9 
COLOMBIA:  SOACHA (CTTY ) 
ATTACK 
ACOOMPUSHED 
GUN: "-" 
TERRORIST ACT 
"AT LEAST ONE MAN"  /  "ON E MAN" 

"LUI S CARLOS GALAN" 
"LIBERA L PARTY PRESIDENTIA L 
"SENATOR": "LUIS CARLOS GAIj\N" 
"TWO OTHER PERSONS" 
GOVERNMENT OFFICIA L "LUI S 
GALAN" 
CIVILIAN :  "TW O OTHER PERSONS" 
1:  "LUI S CARLOS GALAN" 
2:  -TW O OTHER PERSONS" 
INJURY: "LUIS CARLOS GAIAN" 
INJURY:  "TW O OTHER PERSONS" 

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

Closed/Open Class Determination 

First ,  th e field s i n th e record s ar e divide d int o close d an d 
ope n classes ,  accordin g t o gros s frequenc y o f  occurrenc e 
of  distinc t  values ,  a s discusse d previously .  Thi s result s 
i n th e close d clas s slot s illustrate d i n Figur e 2 . 

Randomization of Data 

Afte r  thi s determination ,  record s ar e randoml y se -
lecte d fro m th e databas e an d th e closed-clas s filler s ar e 

3 
4. 
5. 
7 
8. 
11 
13. 
IS. 
16. 
20. 
22. 
23. 

Slo t  Typ « 
LOC O F INCIDEN T 
INCIDENT TYP E 
INCIDENCT STAGE 
INSTRUMENT TYP E 
INCIDENT CATEGORY 
PERP ORG-CONF 
PHYS TG T TYP E 
PHYS TG T NATIO N 
PHYS TG T EFFECT 
HUMAN TG T TYP E 
HUMAN TG T NATIO N 
HUMAN TG T EFFECT 

St«tu > 
CLOSED 
CLOSED 
CLOSED 
CLOSED 
CLOSED 
CLOSED 
CLOSED 
CLOSED 
CLOSED 
CLOSED 
CLOSED 
CLOSED 

Tota l  Diilinc t  Valu o 
(2 3 diilinc t  valuet ) 
( 6 diftinc t  valued ) 
( 3 dittinc i  value * 
(1 9 diilinc t  valuei ) 
( 4 diilinc t  valuei ) 
( 7 diitinc t  valuei ) 
(1 7 diitinc t  valuei ) 
(I S diilinc t  valuei ) 
( 8 diilinc t  valuei ) 
(1 2 diitinc t  values ) 
(2 9 diilinc t  valuei ) 
(1 1 diitinc t  valuei ) 

Figur e 2 :  Close d Clas s Categorie s 

tabulated .  R a n d o m selectio n i s  critica l  t o o v e r c o m e 
t ime-dependen t  pattern s o f  value s typica l  i n a n y rea l 
database . 

Threshold Determination 

After experimentation, a threshold value T of 50 was 
chosen .  Thi s wa s th e minima l  valu e tha t  capture d al -
most  ever y distinc t  type ,  wit h an y type s remainin g be -
in g anomalous .  Thi s numbe r  coul d b e large r  an d stil l  in -
clud e thes e sam e distinc t  values .  A n y arbitrar y number , 
eve n i f  experimentall y determined ,  i s ope n t o suspicion s 
of  ''pickin g a  numbe r  ou t  o f  a  hat" .  Howeve r  i f  breadt h 
i s viewe d a s a  binar y predicate ,  the n suc h a n arbitrar y 
threshol d i s required . 

A n alternativ e vie w o f  breadt h i s a s a  continuum , 
whereb y yo u hav e mor e o r  les s breadth ,  an d i t  mono -
tonicall y increase s th e mor e distinc t  type s encountered . 
Under  thi s view ,  th e threshol d ca n b e a  range ,  an d i t 
m a ps ont o th e breadt h scal e linearly .  Howeve r  fo r  eas e 
of  exposition ,  1  assum e her e th e binar y predicat e model . 
Thi s mean s tha t  breadt h i s achieve d whe n d/ n <  1/50 . 
T h e numbe r  o f  distinc t  type s see n s o fa r  (d) ,  th e tota l 
number  o f  fillers  see n t o thi s poin t  (n) ,  an d th e thresh -
ol d (60 )  ar e th e number s tha t  estimat e th e breadth .  I t 
i s  possibl e t o grap h d  vs .  n  an d se e th e poin t  a t  whic h 
breadt h i s achieved ,  a s wel l  a s th e theoretica l  projectio n 
of  wher e breadt h woul d b e achieve d i f  n o eulditiona l  dis -
tinc t  value s wer e see n pas t  th e poin t  a t  whic h th e dat a 
ends . 

A graphica l  for m o f  presentatio n doe s no t  captur e 
th e frequenc y wit h whic h eac h distinc t  valu e occur s i n 
th e sample .  I n al l  case s wher e a  cutof f  (breadt h deter -
mination )  wa s m a d e whe n no t  al l  distinc t  value s ha d 
bee n seen ,  th e remainin g distinc t  value s wer e anoma -
lous .  Anomalou s dat a i s dat a tha t  occur s onl y onc e o r 
twic e an d i s almos t  alway s a  resul t  o f  mistypin g o r  othe r 
errors .  Thi s i s  t o b e predicted ,  i n tha t  an y value s no t 
see n afte r  T x d ,  wher e d  i s th e numbe r  o f  distinc t  val -
ues ,  i s  likel y no t  t o occu r  wit h frequenc y greate r  tha n 
1 i n tha t  amount .  Fo r  example ,  suppos e a s i s  tru e i n 
th e dat a presente d here ,  tha t  a  breadt h determinatio n 
fo r  th e field  o f  Physical-Target-Typ e wa s m a d e afte r 
seein g 113 4 instances .  I n thi s case ,  n  =  1134 ,  d  =  1 7 
an d n o additiona l  distinc t  fill  exist s i n th e remainde r  o f 
thi s se t  o f  data .  A s such ,  breadt h i s stil l  achieve d i f  onl y 
trul y anomalou s dat a ha s no t  bee n seen .  I f  a  significan t 
portio n o f  th e dat a i s anomalous ,  th e syste m woul d no t 
conclud e breadt h i n th e area ,  a s th e predictio n i s  tha t 
mor e unsee n value s woul d b e likel y t o occur . 
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3.  LOCATIO N O F INCIDEN T 
4.  INCIDEN T TYP E 
5.  INCIDENC T STAGE 
7.  INSTRUMENT TYP E 
8.  INCIDEN T CATEGORY 
11.  PERPETRATOR ORG-CONFIDENCE 
13.  PHYSICA L TG T TYP E 
15.  PHYSICA L TG T FOREIGN NATIO N 
16.  PHYSICA L TG T EFFECT 
20.  HUMAN TG T TYP E 
22.  HUMAN TG T FOREIGN NATIO N 
23.  HUMAN TG T EFFECT 

546 41 0 13 3 8 8 3 9 3 2 1 5 1 1 7  5 3 2 2 2  2  1  1 1 1  1  1  1  l(n o breadth ) 
734 34 9 14 5 5 1 2 0 7  (0 ) 
1204 6 0 4 8 (0 ) 
550 19 4 19 2 14 5 7 9 7 8 5 0 3 8 1 4 1 2 1 1 1 0 8  6  4  3  2  ( 2 1 ) 
967 21 9 13 0 1  (0 ) 
617 35 3 14 8 10 3 10 2 8 0 (2 ) 
580 16 0 13 3 12 1 11 8 11 4 7 7 5 8 4 6 4 2 4 1 3 1 2 3 1 7 1 7 1  1  (0 ) 
1092 16 2 2 5 1 1 6  5 5 3 2  1  1  1  1 1  (1 ) 
765 34 6 16 2 15 6 4 5 1 2 7  (2 ) 
1019 38 2 16 5 14 3 9 9 6 1 3 9 3 7 1 7 1 4 1 3 (1 ) 
1179 4 9 3 2 1 0 1 0 9  8  6 5  5  4 4 4  4  3 2 2 2  2  2  2  2  1  1 1 1 1  1  1  (n o breadth ) 
856 45 7 28 0 12 2 6 5 3 1 1 0 1 0 7  5  1  (0 ) 

Figur e 3 :  Frequenc y Distributio n o f  Value s 

Breadt h Determinatio n 

Figur e 3  illustrate s th e frequenc y wit h whic h eac h dis -
tinc t  valu e occurs .  Fo r  example ,  ther e wer e 73 4 in -
stance s o f  th e firs t  distinc t  valu e i n th e Typ e field,  34 9 
instance s o f  th e nex t  distinc t  value ,  etc .  Number s i n 
parenthesi s indicat e thos e anomalou s value s tha t  ar e 
misse d b y a n earl y cutoff ;  n o breadt h indicate s tha t 
a likel y breadt h determinatio n canno t  b e made .  Note , 
fo r  example ,  ho w th e preponderanc e o f  singula r  value s 
i n th e hoMan-target- f  oreign-natio n slo t  preclude s a 
breadt h determination ,  a s th e expectatio n her e i s to -
ward s mor e suc h values .  Whe n lo w frequenc y vzJue s 
contribut e significantl y toward s th e tota l  numbe r  o f  dis -
tinc t  values ,  breadt h o f  knowledg e mus t  includ e eve n 
thes e lo w frequenc y value s a s well .  A s ca n b e see n fro m 
thes e data ,  i t  i s  possibl e t o answe r  th e questio n "D o 
yo u hav e breadth? "  applie d t o th e field s i n a  database . 
Moreove r  thi s questio n ca n b e answere d s o tha t  i n onl y 
some o f  th e fields ,  onl y a  smal l  fractio n o f  th e tota l  num -
ber  o f  distinc t  value s i s unseen ;  thes e value s ar e likel y 
t o b e anomalou s a t  th e threshol d valu e o f  50 .  Breadt h 
determination s eve n mor e likel y t o cove r  100 % o f  al l 
value s ca n b e mad e a t  large r  thresholds .  Wit h thes e 
results ,  a  use r  ma y ge t  differen t  answer s t o question s 
pose d t o a  datzibas e wher e th e field  reference d ha d com -
plet e breadt h o f  knowledg e fro m on e whic h di d no t  hav e 
breadth .  Fo r  exzmiple ,  al l  dat a i n whic h ever y member 
of  a  field  participate s i n som e relationshi p mus t  b e quali -
fied  a s t o whethe r  th e relationshi p hol d fo r  all-currently -
known ,  a s oppose d t o all-possible . 

Probabilistic Analysis 

A probabilisti c  analysi s show s tha t  alte r  5 0 trials ,  i f  onl y 
1 distinc t  valu e ha s surfaced ,  th e chance s o f  seein g a  ne w 
valu e nex t  (i.e. ,  o n th e 51t h trial )  are : 

"  /  1  \ 
~.00 7 

/ 5 o y '  / j _ \ 

unde r  th e assumptio n tha t  th e a  posterior i  probabilit y 
equal s th e a  prior i  probabiUty ;  a  goo d assumptio n wit h 
larg e n .  Thi s onl y decrease s fo r  othe r  value s o f  d ,  s o tha t 
i f  2  distinc t  vadue s hav e occurre d i n 5 0 x  2  =  10 0 trials , 
th e likehhoo d o f  seein g a  patter n consistin g o f  thes e 2 
value s i n a n arbitrar y interna l  distribution ,  followe d b y 
a ne w value ,  i s  .003 . 

The bes t  cas e scenari o i s tha t  al l  distinc t  value s hav e 
been seen .  An d althoug h takin g th e patter n o f  historica l 

value s t o predic t  th e probabilit y  durin g th e nex t  tria l 
assumes a  1/5 0 cheuic e th e nex t  valu e wil l  b e distinc t  (i n 
th e wors t  cas e o f  havin g see n onl y on e distinc t  value) , 
ther e i s onl y a  .00 7 chanc e tha t  wit h thi s weightin g w e 
woul d hav e see n th e patter n jus t  seen ,  thu s lendin g con -
fidence  tha t  an y distinc t  value s ye t  unsee n occu r  wit h 
smalle r  probabilities .  Thi s analysi s indicate s tha t  afte r 
thi s man y values ,  almos t  all ,  i f  no t  all ,  distinc t  value s 
hav e bee n see n wit h goo d certainty ,  an d an y value s no t 
seen ar e likel y t o b e anomalou s o r  extremel y infrequent . 

The result s presente d i n thi s sectio n indicat e tha t 
fairl y  simpl e calculation s ca n accuratel y predic t  whe n a 
databas e o r  knowledg e bas e ha s breadt h i n closed-clas s 
subjec t  areas . 

Related Work 

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] .  Thi s wor k primeiril y  concern s itsel f  wit h 
calculatin g wha t  a  syste m migh t  b e expecte d t o be -
lieve ,  give n som e se t  o f  assertions .  Th e wor k describe d 
her e contribute s t o tha t  bod y o f  researc h b y addin g a 
new metri c tha t  i s  calculate d fro m wha t  i s known ,  th e 
breadt h 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 conten t  o f 
databases .  However ,  th e particula r  proble m o f  comput -
in g breadt h o f  knowledg e ha s no t  bee n directl y addresse d 
i n thi s ne w researc h area . 

Future Directions 

The primar y are a fo r  futur e wor k i s i n th e develop -
ment  an d testin g o f  th e theor y o f  superclasse s t o de -
termin e breadt h i n th e open-clas s cases .  Anothe r  crit -
ica l  ste p currentl y on-goin g i s th e choic e o f  applicatio n 
are a t o illustrat e th e utilit y  o f  knowin g whe n breadt h 
has bee n achieve d i n a  rea l  Al/databas e system .  Als o 
of  importanc e i s automatin g th e proces s o f  threshol d de -
termination .  Thi s veilu e appear s t o var y a s a  functio n o f 
th e ra w numbe r  o f  distinc t  fills  a s wel l  a s th e inheren t 
frequenc y distributio n o f  a  give n field.  Eve n mor e accu -
rat e determination s ma y b e mad e i f  th e threshol d ca n 
be dynamicall y compute d fo r  eac h slot .  Anothe r  activ -
it y currentl y on-goin g i s embeddin g th e breeidt h calcula -
tio n i n a  suit e o f  tool s unde r  developmen t  t o construc t  a 
meta-profil e o f  th e content s o f  a n arbitrar y knowledg e o r 
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database .  Wit h thi s profile ,  user s o f  a n applicatio n wil l 
be abl e t o ge t  a  feelin g fo r  th e content s o f  a  databas e 
tha t  ca n ai d i n thei r  judgement s o f  th e appropriatenes s 
of  th e databas e fo r  thei r  informatio n needs ,  a s wel l  a s 
i n constructin g appropriat e an d answerabl e queries .  I n 
addition ,  th e syste m wil l  b e abl e t o distinguis h negativ e 
searche s fro m th e resul t  o f  informatio n request s outsid e 
an are a o f  expertis e fro m response s du e t o close d worl d 
assumptions . 

Conclusions 

This paper began with an analysis of the notion of 
conceptua l  breadth ,  wit h respec t  t o absolut e an d rela -
tiv e measures ,  an d wit h respec t  t o close d clas s an d ope n 
clas s categories .  A  specifi c  computatio n wa s detaile d fo r 
automaticall y determinin g th e conceptua l  breadt h o f  a 
knowledg e o r  databas e i n th e cas e o f  computin g relativ e 
breadt h o f  close d clas s fields .  Th e poin t  a t  whic h breadt h 
i s achieve d i s compute d b y takin g a  rando m sampl e fro m 
th e database ,  an d keepin g trac k o f  th e percentag e o f  dis -
tinc t  type s t o th e tota l  numbe r  o f  filler s seen .  W h e n 
thi s percen t  fall s  belo w a  threshold ,  i t  i s  expecte d tha t 
most  i f  no t  al l  th e distinc t  type s have  bee n seen .  Thi s 
metho d accuratel y identifie s a  poin t  a t  whic h breadt h 
i s ver y Ukel y t o hav e bee n achieved ,  an d a  probabilisti c 
analysi s support s thi s expectation . 

Thi s wor k i s importan t  no t  onl y fo r  th e method s an d 
computation s describe d here ,  bu t  fo r  investigatin 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 a s "wha t  d o yo u 
know? "  an d "ho w complet e i s you r  knowledge?" .  I t  i s 
critica l  i n determinin g whe n t o appl y th e closed-worl d 
hypothesis ,  an d whe n ther e i s no t  enoug h informatio n 
fo r  thi s assumptio n t o apply .  Lookin g a t  area s tradi -
tionall 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 
new perspectiv e fro m whic h t o develo p computationa l 
answers . 
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