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A b s t r a c t 

Large case databases are numerous and packed 
w i t h i n f o r m a t i o n . T h e largest o f t h e m are 
p o t e n t i a l l y r i ch sources o f d o m a i n knowledge. 
T h e F G P mach ine is a sof tware a rch i tec tu re 
t h a t can m a k e th i s knowledge exp l i c i t and 
b r i n g i t to bear on classification and prediction 
p rob lems . T h e a rch i tec tu re prov ides m u c h o f 
the f u n c t i o n a l i t y o f t r a d i t i o n a l exper t systems 
w i t h o u t r e q u i r i n g the sys tem bu i lde r t o pre-
process the database i n t o ru les, f rames , or any 
o ther f i xed a b s t r a c t i o n . I m p l e m e n t a t i o n s o f the 
F G P mach ine use s im i l a r i t y -based r e m i n d i n g 
and the cases themselves to d r i ve the in fer ­
ence engine. By h a v i n g the sys tem ca lcu la te 
and i nco rpo ra te a measure of fea tu re salience 
i n t o i ts d is tance ca lcu la t ions , the F G P a rch i ­
tec ture s m o o t h l y copes w i t h i ncomp le te d a t a 
and is p a r t i c u l a r l y we l l - su i ted to weak- theory 
d o m a i n s . We exp la i n the m o d e l , descr ibe a par­
t i cu la r i m p l e m e n t a t i o n o f i t , and present test-
resul ts fo r a c lass i f icat ion task in three app l i ca ­
t i o n areas. 

1 I n t r o d u c t i o n 

T h e knowledge acquisition bottleneck is s t i l l one of Al 's 
m a j o r p rob lems . I t has engendered c o m m e n t a r y f r o m 
senior A I p rac t i t i one rs for years, sparked the cur rent 
rev iva l o f in terest in mach ine l ea rn i ng , and i s the p r i ­
m a r y m o t i v a t i o n beh ind a m u l t i - m i l l i o n do l l a r p ro jec t 
to assemble a massive knowledge base (on the order of 
108 facts) [ G u h a and L e n a t , 1990]. In recent workshops , 
m a n y researchers have come to the conc lus ion t h a t t he 
effect ive use of large databases is our best hope to break 
t h r o u g h th i s bo t t leneck [Friesen and G o l s h a n i , 1989]. 
O u r wo rk i s in t h i s v e i n , and i s an a t t e m p t to devise 
a doma in - i ndependen t so f tware a rch i tec tu re and re la ted 
a l g o r i t h m s to ex t r ac t knowledge f r o m a large database 
of u n s t r u c t u r e d cases , a t e r m we define be low. 

Cases are s i m i l a r to fea ture-vector representat ions o f 
da ta , b u t m o r e genera l . T h e y m a y b e i ncomp le te ; i n ­
d i v i d u a l cases need to have values for o n l y an a r b i t r a r y 
subset of t he universe of features. Cases are n o t assigned 
to f i xed categories. R a t h e r any fea ture in the fea ture-

universe is a p o t e n t i a l ca tegory ; the p r o g r a m m u s t be 
w i l l i n g to d i rec t i t s inference process a t d e t e r m i n i n g the 
probable value of any a r b i t r a r y fea ture for a pa r t i cu la r 
case. We say probable because we make no assumpt ion 
a b o u t consistency o f cases. T w o cases m a y have iden t i ca l 
values a long every d imens ion b u t one. 

We adop t t h i s de f i n i t i on because these are the char­
acter is t ics observed in cases d r a w n f r o m rea l -wo r l d do­
m a i n s . T h e quest ion we sought to address is whether 
the s ta t i c fea ture i n f o r m a t i o n s tored in cases prov ides 
enough m a t e r i a l to do useful i n fe renc ing and lea rn ing . 
T h e approach we choose is e x e m p l a r - b a s e d (cf. [Porter 
et a/., 1990]) and relies on the cases themselves to dr ive 
the inference engine. O u r goals are the f o l l o w i n g : T h e 
sys tem shou ld " reason" on the basis of specif ic cases 
and groups of cases, and shou ld therefore be able to ci te 
specif ic precedents ( i n c l u d i n g precedents t h a t are t h e m ­
selves i ncomp le te l y u n d e r s t o o d ) , to m o d i f y i ts behavior 
on the basis o f every new i n f o r m a t i o n - p r o v i d i n g t rans­
a c t i o n , and to subsume the f unc t i ons o f a convent iona l 
i n f o r m a t i o n - r e t r i e v a l sys tem. I t shou ld be a v iab le learn­
i ng sys tem, equa l l i ng or surpass ing the accuracy o f o ther 
pure ly da ta -d r i ven approaches to c lass i f icat ion and pre­
d i c t i o n p rob lems , and do th i s wh i l e m a i n t a i n i n g i ts avai l -
a b i l i t y as a r e a l - t i m e sys tem. U n l i k e t y p i c a l connec t ion-
ist approaches, i t shou ld be designed to i n te rac t w i t h a 
user as a case is descr ibed i nc remen ta l l y , or to generate 
l i ne -by - l i ne c o m m e n t a r y on new cases. M o s t i m p o r t a n t , 
i t shou ld a t t e m p t t o d isp lay n o t on l y " q u a n t i t a t i v e " b u t 
" q u a l i t a t i v e " exper t ise . I n ou r e x p e r i m e n t a l de f i n i t i on , 
q u a l i t a t i v e exper t ise requires ( p a r t i c u l a r l y on h a r d cases, 
b u t these are the who le p o i n t ) p u r s u i n g poss ib ly pre­
m a t u r e hypotheses, o f fe r ing (occas iona l ly b rash) guesses 
and c i t i n g in te res t ing precedents on t he basis o f a sma l l 
b u t evocat ive degree o f fea tu re over lap . We are develop­
i n g " s i m u l a t e d s p e c u l a t i o n " i n a n ef for t t o a p p r o x i m a t e 
th i s behav io r . 

2 T h e F G P machine 

T h e p r o g r a m we've b u i l t i n a n i n i t i a l a t t e m p t t o real­
ize these p roper t ies is the F G P m a c h i n e , a f ter i t s basic 
o p e r a t i o n s — f e t c h , general ize a n d p ro j ec t . We i m a g i n e 
the F G P mach ine ' s database as a co l lec t ion of regions 
in space (cf. t he s t a n d a r d vector space tex t - re t r i eva l 
m o d e l ) . Each e lement o f t he database corresponds to 
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some reg ion . Nea rby regions cor respond to nearby cases. 
W h e n presented w i t h an i n q u i r y , the mach ine 's basic 
task is to a d d to the database a new reg ion cor respond­
ing to the i n q u i r y . S t a t i o n i n g i t se l f on t o p o f th is new 
reg ion (so to speak) , t h e mach ine t hen looks a round and 
repor ts the iden t i t i es o f t he nearby reg ions—these w i l l 
cor respond to e lements o f t he database t h a t are nearby 
t o , i n o the r words closely re la ted t o , the sub jec t o f the 
i nqu i r y . We can then inspect t h i s l i s t o f nearby regions 
and " g e n e r a l i z e " — d e t e r m i n e w h i c h a t t r i b u t e s tend to be 
shared i n c o m m o n by a l l o r by m o s t o f t h e m . We can 
guess t h a t these c o m m o n a t t r i b u t e s are l i ke ly to h o l d 
t r ue fo r the case be ing descr ibed in the i n q u i r y as we l l . 

H a v i n g reached wha teve r conclus ions seem reasonable, 
the mach ine s imu la tes " specu la t i on . " T e m p o r a r i l y t u r n ­
i ng aside f r o m the i n q u i r y i n h a n d , i t focusses on any 
"evocat ive poss ib l i t ies" t h a t m a y have suggested t h e m -
selves d u r i n g the e x a m i n a t i o n o f nearby regions. An 
"evocat ive p o s s i b i l i t y " is a d a t u m t h a t might be t r ue , 
and t h a t w o u l d be s ign i f i can t i f i t were. T h e mach ine 's 
i n te rac t i on w i t h the user (see F igu re 1) represents a 
c o m b i n a t i o n o f f a i r l y safe conclus ions, specu la t ion ex­
pe r imen ts and the subsequent i nves t iga t i on o f resu l t i ng 
guesses. 

T h e sys tem can opera te i n te rac t i ve l y , b u t here i t i s 
w o r k i n g in " c o m m e n t a r y " m o d e : the user presents an 
ent i re case; the sys tem scans i t e lement -by -e lement , of­
fe r ing c o m m e n t s . T h i s case i n i t i a l l y seems m a l i g n a n t 
(no te the ear ly m e n t i o n o f re la ted cases w i t h diagnoses 
o f i n f i l t r a t i n g d u c t a l c a r c i n o m a ) ; the fac t t h a t the mass 
has no t changed in dens i ty and has no comet ( con t rad i c t ­
i ng the sys tem's guesses, wh i ch in the na tu re o f guesses 
w i l l o f ten be w r o n g ) po in t s i n the o ther d i rec t ion ( " cys t " 
and " f e d " refer t o ben ign diagnoses); b u t f u r t he r d a t a , 
p a r t i c u l a r l y the absence of a ha lo , t i ps the balance, and 
the sys tem guesses t h a t t h i s is a m a l i g n a n t mass. T h i s 
guess is cor rec t , and the d iagnosis was in fac t i n f i l t r a t i n g 
duc ta l c a r c i n o m a . T h i s t r a n s c r i p t is d r i ven by a sma l l 
co l lec t ion o f 67 cases, w h i c h is the o n l y d o m a i n k n o w l ­
edge p r o v i d e d . 

An F G P mach ine i s def ined in t e r m s o f a single k i n d 
o f da ta -ob jec t and three p r i m i t i v e opera to rs . These de­
f ine a v i r t u a l mach ine in t e rms o f w h i c h the system is 
p r o g r a m m e d . We s u m m a r i z e the essential po in t s i n the 
rema inder o f t h i s sec t ion ; see [Fer t ig and Ge lern te r , 1989; 
Fe r t i g , 1990] for f u r t h e r d iscussion. 

2 . 1 D a t a - o b j e c t s a n d d a t a b a s e s 

F G P mach ines r u n of f a database of a s ingle t ype of da ta -
ob jec t , a fea tu re t up l e to w h i c h we refer gener ica l ly as a 
r. A r consists bas ica l ly of a l i s t of a t t r i b u t e - v a l u e pa i rs ; 
we give examp les be low. An F G P database consists o f 
an unordered co l lec t ion of r ' s . A new case for inc lus ion 
in the database is presented as a r, and a query is an 
i ncomp le te r — a p a r t i a l l i s t o f a t t r i b u t e - v a l u e pa i rs , w i t h 
a request t h a t t he sys tem f i l l in ce r ta in m iss ing ones. 

I n d i v i d u a l cases are stored in r ' s ; p a r a d i g m cases 
(cases t h a t represent n o t a s ingle ob jec t or i nc iden t , b u t a 
general ized or p r o t o t y p i c a l ob jec t o r i nc iden t ) are s tored 
in f o r m a l l y - e q u i v a l e n t "heavy r ' s " , as we discuss. T h e 
basic F G P - o p e r a t i o n s descr ibed be low opera te on r ' s i n ­

d i v i d u a l l y and i n groups. 
T h e feature t u p l e 

( (name apple) ( type f ru i t ) (color red)) 
is a r t h a t represents a s ingle app le ; 

( (name apple 100) ( type f ru i t 100) (color (red 50) 
(yellow 50))) 

is a r t h a t represents one h u n d r e d di f ferent apples; ha l f 
were ye l low and h a l f were red , and beyond th i s fac t no 
i n d i v i d u a l app le can be d i s t i ngu ished . W h e n the count 
f i e l d i s o m i t t e d , " 1 " i s the de fau l t . A re la t i ve ly "we igh t ­
ier " r is a r t h a t reflects a greater n u m b e r of i n d i v i d u a l 
cases. We use M to represent an unordered co l lect ion of 
r ' s ; an F G P database of s tored cases and pa rad igms is 
an M.L is a l is t of r ' s ordered on the i r "closeness" to 
some o ther r : we exp la in be low. 

2 .2 P r i m i t i v e o p e r a t o r s 

T h e three basic F G P opera t ions are fetch, generalize and 
project. T h e y wo rk as fo l lows . 

fetch maps a r and an M to an L: g iven a fea ture-
t up l e and a database of fea tu re - tup les , i t produces an 
ordered l is t o f those fea tu re- tup les in the database t ha t 
are "closest t o " the r m e n t i o n e d in the query, fetch uses 
a two-s tep procedure . 

F i r s t i t calculates a "d i s tance" f r o m the new po in t to 
every p o i n t in m e m o r y 1 ; a l l cases f u r t h e r away than some 
paramete r i zed th resho ld are removed f r o m fu r t he r con­
s ide ra t i on . T h e d is tance o f one case f r o m another cannot 
be s ta t i ca l l y d e t e r m i n e d ; t w o cases m a y be mo re closely 
re la ted in the con tex t o f one goal t h a n in another . There­
fore fetch's ca l cu la t i on no t o n l y takes i n t o cons iderat ion 
the n u m b e r o f shared a t t r i b u t e s and the i r types, bu t also, 
in the con tex t o f a request to f i l l in values for miss ing 
a t t r i b u t e s , the "evocat iveness" o f each w i t h respect to 
the cur ren t g o a l — a more evocat ive fea ture is one t h a t 
recalls a g roup of cases w i t h a more h i gh l y focussed set 
of values for the goal a t t r i b u t e . 2 Features are weighted 
in the d is tance ca l cu la t i on in p r o p o r t i o n to the i r evoca­
t iveness. T h e f inal d is tance score is the weighted s u m of 
the i n d i v i d u a l fea tu re distances no rma l i zed by the size 
( n u m b e r o f features) o f the cases. In s tanda rd te rms , 
the s i m i l a r i t y m e t r i c measures the we igh ted eucl idean 
d is tance between cases, where the we igh t i ng is done au­
t o m a t i c a l l y and reflects the evocat iveness o f i n d i v i d u a l 
features w i t h respect to the goa l . T h e sys tem comes 
w i t h de fau l t feature d is tance me t r i cs def ined for n o m i ­
n a l , o r d i n a l , and d imens iona l ( rea l -number va lued) da ta , 
a l t hough user-def ined feature me t r i cs can be used to re­
f l ec t m o r e special ized knowledge o f the d o m a i n . 

Nex t fetch checks to see if there exists a wel l -def ined 
g roup of very-close po in ts a m o n g those r e m a i n i n g by per­
f o r m i n g a crude cluster analys is . De ta i l s can be f ound in 

1 Th is calculation needn't require that every r in M be 
examined; as a first cut , we can ignore all cases that fail to 
intersect the query on at least one at t r ibute . We use hashing 
to determine the candidate cases ( to exclude the irrelevant 
ones). 

2 The evocativeness of an attr ibute-value pair w i th respect 
to a goal a t t r ibute is inversely proport ional to the entropy 
(disorder) of the dist r ibut ion of values for the goal repre­
sented in the group of cases returned by fetch. 
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(AGE 58) 
(MASS-DENSITY ISO-DENSE) 
(MASS_BORDER-CQMPLETE? NO) 
(MASS_TYPE_BORDER IRREGULAR) 
(MASS_BORDER_DEFINED? MO) 

(MASSJLOCATION UIL ) 
(MASS_SIZE_CHANGED? YES) 
(MASS-DENSITY-CHANGED? HO) 
(MASS-COMET? NO) 

(MASS_HALO? NO) 
(BACKGROUND_DEMSITY MODERATE) 

(SKIN-CHANGES NO) 
(NIPPLE-INVERSION? NO) 
(ADENOPATHY? NO) 
(FAMILY-HISTORY-CANCER SISTER) 
(PERSONAL-HISTORYJCANCER NO) 

Speculating: MASS-DENSITY-CHANGED?... 
Guessing INCREASED - e.g. 
case ((id 14) (age 46) (diagnosis CA_INF-DUCTAL)) 
case ((id 50) (age 70) (diagnosis CAJNF-DUCTAL)) 

Speculating: MASS-COMET?... 
Guessing YES - e.g. 
case 14 
case ((id 40) (age 69) (diagnosis CAJNF-DUCTAL)) 

Speculating: BACKGROUND-DENSITY... 
Guessing DENSE - e.g. 
case ((id 21) (age 61) (diagnosis cyst)) 

((id 47) (age 45) (diagnosis fcd)) 

Concluding 
(ARCHITECTURAL-DISTORTION? NO) 

Speculating: MALIGNANT?... 
Guessing YES - e.g. cases (2 6 8) 

Speculating: SKIN-CHANGES... 
Guessing RETRACTION - e.g. cases (2 8 28) 

Closest known cases: 

(19) (YES) (CAJNF-DUCTAL) 
(33) (YES) (CAJNF-DUCTAL) 
(26) (YES) (CA-INF-DUCTAL) 
(28) (YES) (CAJNF-DUCTAL) 
(18) (YES) (CA) 

YES has been concluded or guessed for MALIGNANT? 

Speculating: DIAGNOSIS... 
CA? 
CAJNF-DUCTAL? 

F igure 1 : T r a n s c r i p t o f an F G P mach ine o p e r a t i n g i n t he d o m a i n o f m a m m o g r a p h y . T h e user's case descr ip t ion i s 
i n the le f t c o l u m n , t he sys tem's c o m m e n t a r y on t he r i g h t . 
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[Fe r t i g , 1990]. An o rdered l i s t o f these very-close po in t s 
is r e t u r n e d as fetch's va lue. 

generalize m a p s an to a i t takes an ordered l is t 
o f fea tu re - tup les a n d "compresses" t h e m i n t o a s ingle 
new fea tu re - tup le . T h e we igh ter a r a n d the closer i t 
i s t o t he t o p o f t he l i s t , t he larger the c o n t r i b u t i o n i t s 
a t t r i b u t e - v a l u e pa i rs m a k e to t he c o m b i n e d r r e tu rned 
by generalize. Suppose we query on the r (name apple), 
and suppose t h a t M ho lds one h u n d r e d i n d i v i d u a l ap­
ples, h a l f red and h a l f ye l l ow ; a generalize o p e r a t i o n over 
a l i s t cons is t ing o f one hund red apples, h a l f red and h a l f 
ye l low, y ie lds a s ingle r t h a t m i g h t l ook l i ke our second 
examp le above. 

project m a p s a r to a r: g i ven a fea tu re - tup le it re tu rns 
a new t up l e cons t ruc ted f r o m a subset of the features in 
the o r i g i n a l . W h i l e project is a pu re l y syn tac t i c opera­
t i o n , i t is used by h igher level opera t ions (see the dis­
cussion of refocus be low) to change con tex ts ; the sys tem 
focusses on those a t t r i b u t e s a n d values t h a t are deemed 
" i n t e r e s t i n g " 3 , t e m p o r a r i l y i g n o r i n g o ther i n f o r m a t i o n 
on h a n d . 

2 .3 T h e b a s i c c y c l e 

G i ven th i s t h ree - i ns t ruc t i on v i r t u a l mach ine , how does 
the sys tem operate? T h e basic cycle is t w o phase: (1) 
ex tend the cu r ren t r ; (2) choose a new cur ren t r , and re­
peat . Step one is i m p l e m e n t e d by an extend(r) f u n c t i o n 
t h a t is def ined in t e r m s of fetch and generalize. Step t w o 
is i m p l e m e n t e d by refocus wh i ch is def ined in t e rms of 
a l l three. 

To ex tend a r — to discover new i m p l i c a t i o n s g iven 
our database of cases and p a r a d i g m s — we beg in by ex­
ecu t ing the o p e r a t i o n generalize(fetch(M, r ) ) , where M 
is the database. I f r , f o r e x a m p l e , describes a pa r t i c ­
u la r p a t i e n t , w i l l r e t u r n a l is t o f r e m e m ­
bered r ' s t h a t are close to ( s i m i l a r to o r remin iscent o f ) 
th is p a r t i c u l a r p a t i e n t ; execu t i ng generalize over th i s l i s t 
w i l l p roduce an a m a l g a m of a l l these remembered cases. 
A n y h igh ly - focussed and su f f i c ien t l y -we igh ty values can 
be classif ied as conclus ions: i f t he memor ies examined 
by generalize m a i n l y have a va lue of " b l o n d e " fo r a t ­
t r i b u t e " h a i r - c o l o r " , say, the sys tem w i l l conc lude t h a t 
( h a i r - c o l o r b l o n d e ) i s l i ke l y t o character ize th i s case 
as we l l . I t repo r t s ( h a i r - c o l o r b l o n d e ) to the user as 
a conc lus ion and augmen ts the cu r ren t r w i t h th is new 
a t t r i b u t e - v a l u e pa i r . T h e sys tem a t t e m p t s t o conclude 
any va lue t u r n e d up by the fetch-generalize c o m b i n a t i o n 
wh ich hasn ' t ye t been seen in the con tex t o f the cur­
rent query. Values w h i c h c o n t r a d i c t 4 are w i t h d r a w n ; the 
user's i n p u t a lways takes precedence over sys tem guesses. 
T h e extend o p e r a t i o n is comp le te w h e n a l l values t h a t 
can be conc luded have been and a l l con t rad i c t i ons re-
m o v e d . 

3 T h e system uses the evocativeness values calculated by 
fetch to determine which features are interesting. 

4 As expected, two dist inct values of a boolean-typed at­
t r ibu te always contradict. System-concluded values of other 
types of at t r ibutes contradict only if this in format ion is spec­
ified in the at t r ibute 's distance metr ic. See [Fertig, 1990] for 
more details. 

2 . 3 . 1 S i m u l a t e d s p e c u l a t i o n 

Refocus is t hen invoked over the ex tended r. I t s ro le is 
to exam ine a . and refocus a t t e n t i o n f r o m th i s en t i re r 
t o one (poss ib ly s m a l l and conce ivab ly unrepresenta t ive) 
p a r t o f i t . T h i s e lement considered i n i so la t ion m a y serve 
as a seed fo r a new set of inferences. We cal l t h i s process 
" s i m u l a t e d specu la t i on . " refocus m a y choose no , one 
o r m a n y d a t a po in t s ; each chosen d a t a p o i n t becomes 
the cu r ren t i n t u r n . T h e m o r e evocat ive a d a t a p o i n t 
w i t h respect t o the g o a l — t h e m o r e sharp ly -de f ined the 
cases nearby a cons is t ing o n l y o f t h a t d a t a p o i n t w i t h 
respect to the goal a t t r i b u t e , i n o the r w o r d s — t h e l ikel ier 
ta rge t fo r refocus. T h e more sha rp l y a d a t a p o i n t s tands 
o u t f r o m the p a c k — b y assump t i on i t w o n ' t s t and ou t 
c lear ly enough to qua l i f y as a conc lus ion , b u t there are 
m a n y i n t e r m e d i a t e shadings he re—the l ike l ier a refocus 
t a rge t . 

T y p i c a l l y , t he sys tem w i l l exam ine each of a sma l l set 
o f values associated w i t h a p a r t i c u l a r a t t r i b u t e whose 
va lue, i f k n o w n , w o u l d focus the search space consid­
erab ly . T h e sys tem pe r fo rms the basic fetch-generalize 
cycle on each of these seed-tuples and is lef t w i t h a set 
o f regions in vector-space. One m a y be m u c h closer to 
the o r i g i na l query t h a n the o thers and m a y therefore be 
mergeable w i t h i t . T h e reader can see the sys tem's be­
hav io r d u r i n g several refocus expe r imen ts by e x a m i n i n g 
the t r ansc r i p t shown in f igure 1. refocus f i rs t announces 
the a t t r i b u t e projected t o , fo l lowed by any values ten­
t a t i v e l y guessed as the resu l t o f t he specu la t ion exper i ­
m e n t . I t t h e n gives po in te rs to specif ic cases t h a t b o t h 
have th i s va lue and also resemble the rest o f the user's 
i n p u t . 

T h e sys tem can opera te in var ious modes ; in the ex­
amp le g iven the basic cycle is repeated af ter cons ider ing 
each a t t r i b u t e o f t he presented case. A f t e r a l l i n p u t has 
been considered, the sys tem w i l l execute the basic cycle 
one f inal t i m e . I t is t hen in a p o s i t i o n to present a l is t 
o f the closest cases in the database g iven al l t he i n p u t 
and project to any u n d e t e r m i n e d goa l a t t r i b u t e s in one 
f ina l a t t e m p t to de te rm ine values o r a t least na r row the 
space of poss ib i l i t ies . 

W h y shou ld s i m u l a t e d specu la t i on lead t o m o r e accu­
ra te per fo rmance? As a user enters a case t he sys tem is 
a u t o m a t i c a l l y ca l cu l a t i ng a we igh t for i n d i v i d u a l features 
based on the i r evocat iveness, or how closely they focus 
the search space w i t h respect to t he goa l a t t r i b u t e . In 
s ta t i s t i ca l t e r m s , we can t h i n k o f t he sys tem as t r e a t i n g 
a l l features o the r t h a n t h e goa l as independen t var iables 
and the goal as the dependent va r iab le . T h e sys tem 
is a u t o m a t i c a l l y ca l cu l a t i ng a we igh t fo r each non-goa l 
fea ture i n i s o l a t i o n , i n essence m a k i n g t he s i m p l i f y i n g 
a s s u m p t i o n t h a t i t i s dea l ing w i t h a s i m p l e b i va r i a te dis­
t r i b u t i o n . Of course t h i s i sn ' t cor rec t ; in fac t each case is 
be t te r t h o u g h t o f as a m a n y - i n t e r n a l m u l t i v a r i a b l e da ta 
p o i n t in w h i c h no fea tu re can be labe l led a priori as de­
pendent. A n d as in any m u l t i v a r i a b l e case, cor re la t ions 
between any t w o features m a y be a r t i f ac t s t h a t d isap­
pear w h e n seen in t he con tex t o f a d d i t i o n a l var iables. 
T h e w e i g h t i n g o f i n d i v i d u a l features accord ing to a b i ­
va r ia te m o d e l is essent ia l ly a usefu l a p p r o x i m a t i o n b u t 
n o t guaran teed t o be accura te . I t w i l l lead t o inaccu-
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rate retrieval when the impact of one feature (variable) 
is enhanced or diminished considerably when it appears 
in the context of one or more others. 

The heuristic approximation of feature salience by 
treating each feature as the independent variable in a bi-
variate model is a useful approximating device that fails 
to capture in its calculation important combinations of 
features. It is clear that we cannot calculate a salience 
score for each subset of all possible features. The cost 
is exponential and is clearly impractical for domains in 
which cases consist of more than a handful of features. 
However, we may be able to identify subsets of features 
that are important when considered together through 
the judicious use of simulated speculation. 

For example, consider what happens when the system 
sets aside its standard processing and speculates on an 
undetermined goal feature. The system first collects all 
the values for that feature that appear among the cases 
currently judged to be close. Then a fetch is performed 
on each of these values and yields a profile (i.e. a gen­
eralized T) in which some (other) features are strongly 
associated w i th that value. Since now the mapping is 
one-to-many there is no danger of hidden interactions 
among the features masking or spuriously adding to the 
importance of any single feature, and those strongly as­
sociated w i th one goal value and not w i th others are 
good markers for the presence of that value. Those that 
appear in all or most of the retrieved profiles are bad or 
completely ineffective markers. 

As outl ined, simulated speculation can help the system 
adjust the feature salience measures crucial to effective 
retrieval of relevant cases. In so doing it improves ac­
curacy. Simulated speculation also improves efficiency, 
that is how quickly it converges on a list of relevant 
cases and determines the values for all goal features ( i f 
possible). Similated speculation may narrow the search 
space directly by el iminat ing from further consideration, 
at least temporari ly, potential goal values that are incon­
sistent w i th the case as currently entered. The subsets of 
features which are discovered to be strongly associated 
wi th potential goal values provide an automatic standard 
by which to judge whether the current case is consistent 
wi th that goal value. 

Finally, simulated speculation provides a road map for 
further processing. Among the features strongly associ­
ated w i th a goal may be some about which nothing has 
been entered. Directing its attent ion to these, and using 
the same refocus operation, the system may be able to 
determine the probable values for one or more of these 
non-goal features that are nevertheless highly correlated 
wi th the goal. In so doing it w i l l have moved a significant 
step closer to pinpoint ing the goal. Even if unsuccess­
ful on its own, the system can ask the user if he knows 
the value for any of these correlated features and thus 
engage in a reasonable directed dialogue. 

2.4 H i g h e r - l e v e l o p e r a t i o n s 

An interesting and useful collection of higher-level op-
erations can be based on these primit ives. We have 
seen one, refocus, which is central to our at tempt to 
simulate speculation. Others are discussed in [Fertig 

and Gelernter, 1989; Fertig, 1990]. The pr imit ive oper­
ations have proven sufficient to allow the FGP machine 
to assemble intelligent sequences of database retrieval 
out of indiv idual comparisons, performing if necessary 
a large number of individual analyses in an attempt to 
converge on a goal. The results discussed in the next 
section along w i th the example transcript i l lustrate the 
power of this structure—simple primit ives, more compli­
cated strategies—in achieving a measure of qualitative 
and quantitat ive expertise. 

3 E x p e r i m e n t s 

This section discusses experiments performed wi th the 
implemented (serial) version of the FGP system. 

The experiments were conducted on case databases in 
three domains: descriptions of mammograms collected 
at Yale-New Haven hospital, Fisher's Iris plant database 
[Fisher, 1936], and a collection of international folk dance 
descriptions.5 These datasets are described below. 

We wanted to validate the FGP system performance 
in three ways. First, we wanted to verify that the 
higher-level operations such as refocus worked as in­
tended. Recall that all FGP operations are bui l t re­
cursively f rom the three pr imi t ive operations fetch, gen­
eralize, and project. The behavior of fetch depends not 
only on the syntactic structure of the inputs to the op­
eration but also on the domain information contained in 
the database. This semantic dependency makes testing 
any implementation of an FGP machine on synthetic 
data only part ial ly effective. Real data from real do­
mains must be used to exercise the various component 
operations in the algebra. 

We also wanted to quantify the performance of the fin­
ished system. Al though we do not intend for FGP sys­
tems to be used solely or even pr imar i ly as stand alone 
diagnostic systems, accuracy in a diagnostic task is an 
easily understood metric and probably the most com­
monly used to compare the performance of automatic 
classifiers and expert systems to that of human experts. 
For this reason, we've chosen diagnostic accuracy as the 
pr imary quantitat ive measure to be used in the three 
domains. 

Measures of qualitative behavior are our th i rd and fi­
nal means of measuring the system's performance. As 
we've stressed, an FGP system is intended to be used as 
an interactive tool that can suggest plausible hypotheses 
and appropiate comments as information about a case is 
entered. This k ind of behavior is hard to assess quan­
t i tat ively. Nonetheless, we have made an attempt and 
have developed a metric to measure the system's rough 
qualitative behavior in the radiology domain. 

3.1 Fo lk Dances 
The first context in which discuss the FGP machine's 
accuracy is the one in which a reasonable size database 
and domain expert first presented themselves. Problem: 
Determine the nat ional i ty of a previously unseen folk 
dance given a list of other attr ibutes (such as whether 
it is done by couples or in fours, in a circle or a line, 

5 We thank Jonathan Young for providing this database. 
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etc ) . T h e database has 643 cases spann ing 46 di f ferent 
na t i ona l i t i es ; t he average n u m b e r of features per case is 
3.6. 

As repo r ted in [Fe r t i g a n d Ge le rn te r , 1989], we pre­
sented 50 test cases for the F G P mach ine to classify. 
T h e d o m a i n expe r t , w h o happened to be the creator 
and m a i n t a i n e r o f the database, answered cor rec t ly 5 3 % 
o f the t i m e . T h e p r o t o t y p e d e t e r m i n e d the correct na ­
t i o n a l i t y 5 7 % o f the t i m e overa l l . No te t h a t the classi­
f i ca t i on task i s n o t t r i v i a l g iven t h e n u m b e r o f possible 
classes and the sparseness o f t he t r a i n i n g d a t a . T h e per­
f o rmance o f b o t h t h e d o m a i n exper t and the p r o g r a m i s 
qu i te g o o d a l t h o u g h under 6 0 % correct i n an absolute 
sense. 

We app l i ed the cur ren t vers ion o f the F G P mach ine , 
wh i ch inco rpora tes a w o r k i n g i m p l e m e n t a t i o n of the re-
focus o p e r a t i o n , to the same database and task to deter­
m i n e i f " s i m u l a t e d s p e c u l a t i o n " cou ld i m p r o v e accuracy. 
We f o u n d t h a t i t d i d : the F G P mach ine was able t o de­
t e r m i n e the correct n a t i o n a l i t y 6 5 % o f the t i m e overa l l . 
T h e sys tem was successful in 8 of 13 a t t e m p t s to use re-
focus to de te rm ine the dance's n a t i o n a l i t y when i t fa i led 
to d raw a conc lus ion f r o m t h e i n p u t d i rec t l y . T h e F G P 
mach ine also used refocus to guess the values of o ther 
a t t r i b u t e s m u c h as seen in f igure 1. These opera t ions 
are harder to q u a n t i f y , as m a n y test cases are m iss ing 
a t t r i bu tes . We were able to conc lude, however, t h a t the 
system guessed e i ther a correct or consis tent 6 va lue in 
6 0 % of these refocus expe r imen ts . T h e guess was c lear ly 
w r o n g 17% o f the t i m e . 

3 .2 I r i s e s 

O u r second a p p l i c a t i o n i s i n the d o m a i n o f p l an t iden­
t i f i ca t i on . R .A . F isher 's d a t a on three types o f i r is 
[F isher, 1936] is o f ten c i ted in the p a t t e r n recogni ­
t i o n l i t e r a t u r e , and has become a de fac to pe r fo rmance 
benchmark for new c lass i f icat ion systems [Gates, 1972; 
D u d a and H a r t , 1973; Dasa ra thy , 1980]. F o l l o w i n g the 
examp le o f t he p rev ious s tud ies, we r a n d o m l y d i v i ded 
the I r i s db i n t o t w o p a r t i t i o n s (o f size 120 and 30) , m a k ­
ing sure to inc lude equal numbers f r o m each class in b o t h 
the t r a i n i n g and test p a r t i t i o n s . 

Tab le 2 gives the basic resu l t . T h e F G P mach ine cor­
rec t ly classifies 23 o u t of 30 of t he test cases (76 .6%) , 
s l i gh t l y i m p r o v i n g on the pe r fo rmance o f Dasa ra thy ' s 
Ne ighbo rhood Census R u l e a l g o r i t h m (Tab le 1), t he 
bes t -pe r fo rm ing o f t h e nearest ne ighbor approaches 
[Freeman, 1969; Gates , 1972; Dasara thy , 1980]. 

Dasa ra thy a l l owed h is sys tem to choose a s imp le 
" d o n ' t k n o w " o p t i o n i f none o f t he k n o w n categories was 
closer t h a n some pa ramete r i zed t h resho ld . T h e F G P sys­
t em 's a b i l i t y t o suggest m u l t i p l e categories w h e n unab le 
to classify an i t e m u n a m b i g u o u s l y i s s i m i l a r a l t h o u g h 
o f ten m o r e i n f o r m a t i v e . Suggest ing a few possible cate-
gories i s equ iva len t to r u l i n g m a n y categories o u t . T h i s 
behav io r i s m e a n t to cap tu re an exper t ' s a b i l i t y to re­
serve j u d g e m e n t when faced w i t h an unusua l c o m b i n a -

6 A value was judged consistent if it appeared in a major i ty 
of the cases in the database w i th the same national i ty as the 
testcase. 

Table 1: Frequency of correct classification from 
Dasarathy80 

Table 2: Frequency of correct classification by FGP sys­
tem 

t i o n o f fac ts , w h i l e s t i l l o r d e r i n g past experiences in re -
l a t i o n t o the new s i t u a t i o n . 

3 .3 R a d i o l o g y 

T h e cur ren t p r o t o t y p e has also been tested against a 
sma l l database o f pa t i en t records, descr ip t ions o f m a m ­
m o g r a m s . The re were o r i g i n a l l y 88 records in the 
database; 20 cases were reserved for t es t i ng and 67 were 
used to seed the sys tem, spann ing 13 possible diagnoses 
(one of these 13 poss ib i l i t ies was the diagnosis normal, 
m e a n i n g no disease p resen t ) . 7 T h e sys tem was presented 
w i t h the 20 test cases and asked to j u d g e i f a m a l i g n a n t 
lesion was i nd i ca ted , and i f so to de te rm ine a specif ic d i ­
agnosis. As discussed above, t he sys tem w o u l d present a 
sho r t l i s t o f possible diagnoses i f unab le to decide 
on one w i t h ce r ta in ty . 

T h e d o m a i n exper t was the rad io log is t w h o had c o m ­
p i led t he da tabase. 8 W o r k i n g f r o m the descr ip t ions o f 
the m a m m o g r a m s a lone, he accura te ly j u d g e d the m a ­
l i gnancy o f the testcases a t t he 6 8 % level . T h e system 
p e r f o r m e d s l i gh t l y worse a t 6 3 % . However the sys tem 
o u t p e r f o r m e d the d o m a i n expe r t in p r o d u c i n g a di f fer­
en t i a l d iagnos is , w i t h the r i g h t answer be ing s ta ted ou t -
r i g h t or appea r i ng in a shor t l i s t o f poss ib i l i t ies 
7 0 % o f t he t i m e t o the c l i n i c ian 's 6 0 % correct per for­
mance. 

3 . 3 . 1 M e a s u r i n g q u a l i t a t i v e p e r f o r m a n c e 

As we have discussed, we wan ted t h e F G P sys tem to 
e x h i b i t q u a l i t a t i v e exper t ise as we l l as q u a n t i t a t i v e ac­
curacy. We developed t he refocus o p e r a t i o n to m o d e l 
the h u m a n p ropens i t y to set aside goa l -d i rec ted t h i n k ­
i n g in the face o f evoca t ive events. We have labeled 
the F G P sys tem's a b i l i t y t o behave s i m i l a r l y " s imu la ted 

7One record was thrown out because no diagnostic infor-
mat ion was included. 

8Dr. Paul Fisher of the Department of Diagnostic Radiol­
ogy, Yale University School of Medicine. Dr. Fisher's clinical 
specialty is mammography. 

9 We present no evidence for this propensity as it is tauto-
logically beyond question: an event could not , by definit ion, 
be evocative if it d id not cause the observer to stop and take 
notice. 
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specu la t i on . " We discussed i t i n the con tex t o f b o t h the 
fo lk dance expe r imen t and f igure 1 . S t i l l , we w o u l d l ike 
to quantify the sys tem's q u a l i t a t i v e pe r fo rmance , and in 
pa r t i cu l a r the usefulness o f s i m u l a t e d specu la t i on . 

We took t w o approaches: F i r s t , measure t he abso lu te 
i m p r o v e m e n t i n c lass i f icat ion accuracy when s i m u l a t e d 
specu la t ion i s enab led . As r e p o r t e d , the F G P sys tem's 
accuracy i m p r o v e d f r o m 57 to 6 5 % correct i n the fo l k 
dance e x p e r i m e n t , fo r a 14% ga in . T h e sys tem's per­
fo rmance i s i den t i ca l w i t h o r w i t h o u t specu la t ion when 
app l ied to t he I r i s tes t , a f ac t we expected g iven t he 
ex t reme ly s m a l l n u m b e r o f features per case. P r e l i m i ­
nary resul ts i nd i ca te an 8% i m p r o v e m e n t i n the rad io logy 
d o m a i n . 1 0 No te t h a t the i m p r o v e m e n t i n any d o m a i n i s 
on precisely the m o s t d i f f i cu l t cases. Refocus is on l y i n ­
voked when the d i rec t evidence fo r choosing one va lue 
over another is u n d e r w h e l m i n g or nonex is ten t . 

Second, we w a n t e d to measure whether s imu la ted 
specu la t ion caused the sys tem to make app rop ia te com­
ments " i n a b o u t t he r i g h t places and a t the r i g h t t imes . " 
To test t h i s , we asked the d o m a i n exper t to p rov ide us 
w i t h an aud io tape o f his analys is o f f ive o f the x - rays 
chosen a t r a n d o m . We presented the same f ive to the 
F G P mach ine and t hen p laced the t ransc r ip t s s ide-by-
side. 

We then coun ted how o f ten the F G P sys tem and do­
m a i n exper t agreed t h a t a p a r t i c u l a r fea ture i nd i ca ted a 
m a l i g n a n t o r ben ign c o n d i t i o n i n t he pa t i en t . T h e sys­
t em agreed on 18 of the 24 t imes the exper t chose to 
m e n t i o n t h a t a p a r t i c u l a r fea tu re i nd ica ted m a l i g n a n c y 
o r i ts oppos i te . T h e sys tem m a d e th is t y p e o f c o m m e n t 
at a t o t a l o f 16 j u n c t u r e s where the exper t said n o t h ­
i n g , b u t these c o m m e n t s were c lear ly i n a p p r o p i a t e in 3 
places o n l y ( in the o p i n i o n o f the d o m a i n e x p e r t ) . W h i l e 
p r e l i m i n a r y , we are encouraged by t h i s concordance o f 
o p i n i o n . 

4 Re la ted W o r k 

T h e idea o f re t r i eva l based u p o n s i m i l a r i t y i s c ruc ia l to 
our sys tem's a b i l i t y to select a few re levant cases f r o m 
a dense and extensive database, an idea exp lo i t ed by re­
search in case-based reason ing , ana logy and i n f o r m a t i o n 
re t r i eva l . [Fe r t i g , 1990] p rov ides an extensive l i t e r a t u r e 
rev iew. 

5 W o r k in Progress 

A l t h o u g h i t i s b u i l t t o be reasonably ef f ic ient , the cu r ren t 
F G P mach ine is i nadequa te to hand le case databases o f 
mo re t h a n 1000 records assuming 10-20 features per case. 
T h e techn ique is i n tended speci f ica l ly fo r use w i t h large 
da tabases—the larger t he be t te r . Gene ra t i ng t ransc r ip t s 
l ike the ones in the f igures requires repeated c o m p u t a ­
t ions against m a n y o r a l l e lements i n the database. S tan ­
da rd i n d e x i n g st rategies are useful to some ex ten t , b u t 
i n t h i s p r o b l e m (un l i ke the keyword-based t e x t re t r ieva l 
p r o b l e m , for e x a m p l e ) , t he database is l i ke ly to be f a i r l y 
homogeneous, w i t h m o s t features present in m o s t cases. 

1 0The numbers reported above for the radiology experi­
ment are w i th "speculat ion" enabled. 

I t ' s clear t h a t i f t h i s p r o g r a m i s to p e r f o r m w e l l , we m u s t 
be able to execute opera t ions i n v o l v i n g large po r t i ons 
o f large databases qu ick ly . Para l le l p r o g r a m m i n g tech­
niques exp lo red by members o f the L i n d a g roup a t Ya le 
are a p r o m i s i n g approach (e.g. [Ca r r i e ro and Gelern ter , 
1988], a n d we are cu r ren t l y a p p l y i n g these techniques to 
a new i m p l e m e n t a t i o n o f the F G P mach ine . 
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