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Abstrac t 

Large databases are routinely being collected in science, 
busines s an d medicine .  A  variet y o f  technique s fro m statistics , 
signa l  processing ,  patter n recognition ,  machin e learning ,  an d neura l 
network s hav e bee n propose d t o understan d th e dat a b y discoverin g 
usefu l  categories .  However ,  t o dat e researc h i n dat a minin g ha s no t 
pai d attentio n t o th e cognitiv e factor s tha t  mak e learne d categorie s 
comprehensible .  W e sho w tha t  on e facto r  whic h influence s th e 
comprehensibilit y  o f  learne d model s i s consistenc y wit h existin g 
knowledg e an d describ e a  learnin g algorith m tha t  create s concept s 
wit h thi s goa l  i n mind . 

Introduction 

Knowledge-discover y i n database s i s a  field  whos e goa l  i s 
t o extrac t  usabl e knowledg e fro m a  collectio n o f  data .  I t 
draw s upo n method s i n statistics ,  signa l  processing ,  patter n 
recognition ,  informatio n theory ,  machin e learning ,  an d 
neura l  network s t o produc e model s tha t  provid e insigh t  int o 
data .  Suc h model s ar e expecte d t o b e accurat e an d ar e 
furthe r  expecte d t o b e comprehensibl e t o expert s i n th e field. 
For  example ,  knowledg e acquire d throug h suc h method s o n 
a medica l  databas e migh t  b e publishe d i n scientifi c  journals . 
Knowledg e acquire d fro m analyzin g a  financial  databas e 
migh t  b e taugh t  i n a  managemen t  school .  Whil e i t  i s 
importan t  tha t  suc h knowledg e b e a n accurat e summar y o f 
th e data ,  i t  i s  equall y importan t  tha t  th e knowledg e b e 
comprehensibl e t o expert s i n th e domain .  O n e facto r  tha t 
influence s comprehensibilit y  i s  bein g integrate d wit h othe r 
knowledg e i n th e domain . 

I n thi s paper ,  w e concentrat e o n analyzin g a  databas e 
collecte d b y th e Consortiu m t o Establis h a  Registr y fo r 
Alzheimer' s Diseas e ( C E R A D ) .  Th e particula r  proble m o f 
interes t  i s  t o identif y patient s wit h earl y sign s o f  dementia . 
Most  demente d patient s d o no t  se e a  physicia n fo r  th e 
proble m o f  m e m o r y los s unti l  fou r  year s afte r  sympto m 
onse t  (Erns t  an d Hay ,  1994) .  Commun i t y physician s 
c o m m o n l y d o no t  detec t  dementi a o r  misidentif y i t  i n it s 
earlies t  stage s w h e n patient s ar e seein g the m fo r  othe r 
reason s (O'Connor ,  e t  al. ,  1989) .  A  simple ,  unobtrusiv e 
metho d fo r  detectin g dementi a earl y i n th e disease' s cours e 
woul d encourag e patient s t o see k earl y evaluatio n an d 

treatment ,  resultin g i n preserve d qualit y o f  lif e an d reduce d 
financial  burde n t o famil y an d healt h car e providers . 

I n previou s research ,  w e hav e show n tha t  a  variet y o f 
machin e learnin g an d statistica l  method s ca n acquir e model s 
tha t  hav e accuracy ,  specificit y an d sensitivit y tha t  excee d th e 
averag e practitione r  a t  screenin g fo r  earl y stage s o f 
dementia .  However ,  i t  i s  unlikel y tha t  th e descriptio n o f 
patient s wit h earl y dementi a create d b y an y o f  th e model s s o 
fa r  woul d b e widel y adopte d i n practice .  Th e decisio n 
procedur e implie d b y som e model s (e.g. ,  logisti c regression ) 
i s to o comple x t o follow ,  whil e th e decisio n criteri a 
explicid y state d i n learne d rule s o r  decisio n tree s m a k e littl e 
sens e t o th e neurologis t  o r  th e practitione r  sinc e i t  differ s 
drasticall y fro m th e curren t  practice . 

I n thi s paper ,  w e concentrat e o n knowledg e discover y 
fro m a n electroni c patien t  databas e containin g dat a o n th e 
dementi a statu s o f  eac h patien t  an d th e result s o f  tw o 
commonl y use d cognitiv e test s fo r  dementi a screening ,  th e 
Blesse d Orientation ,  M e m o r y an d Concentratio n tes t 
( B O M C-  Fillenbau m e t  al. ,  1987 )  an d th e Mini-Menta l 
Statu s E x a m ( M M S E -  Folstei n e t  al. ,  1975) .  T o understan d 
w hy th e result s o f  curren t  knowledge-discover y algorithm s 
m a ke littl e sense ,  i t  i s necessar y t o describ e h o w th e test s ar e 
currentl y use d fo r  screening .  I n eac h test ,  th e patien t  answer s 
question s tha t  asses s orientatio n fo r  tim e an d place , 
registration ,  attention ,  short-ter m recall ,  languag e skills ,  an d 
drawin g ability .  Fo r  example ,  th e patien t  i s first  aske d t o 
remember  a  nam e an d addres s ("Joh n Brown ,  4 2 Marke t 
Street ,  Chicago" )  an d late r  aske d t o recal l  thes e items .  Th e 
patien t  receive s a  scor e fo r  eac h ite m i n th e test .  Fo r 
example ,  th e numbe r  o f  time s tha t  th e tes t  give r  repeat s th e 
n a me an d addres s befor e th e patien t  i s  abl e t o repea t  i t 
immediatel y i s recorded .  Similarly ,  th e numbe r  o f  error s i n 
recallin g th e nam e an d addres s severa l  minute s late r  i s 
recorded .  A n overal l  scor e i s give n t o eac h patien t  b y 
summin g th e scor e o n eac h question .  Th e test s ar e use d i n 
practic e fo r  screenin g fo r  dementi a b y th e us e o f  a  simpl e 
threshol d o n th e tota l  score . 

Th e scor e o n eac h questio n o f  th e tes t  plu s th e patient' s 
age ,  sex ,  an d year s o f  educatio n wer e use d i n ou r  earlie r 
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wor k t o predic t  whethe r  a  patien t  wa s "normal "  o r  "mildl y 
impaired "  b y th e knowledge-discover y m databas e methods. ' 
We suspecte d tha t  suc h method s woul d b e mor e cffcciiv e 
tha n a  simpl e threshol d o n th e aggregat e scor e becaus e som e 
question s seeme d mor e importan t  tha n others .  Al l  o f  th e 
method s wer e tried ,  includin g decisio n trees ,  rules ,  logisti c 
regression ,  neura l  networks ,  an d a  simpl e Bayesia n classifie r 
more accurat e tha n th e simpl e threshol d an d non e o f  th e 
method s wer e substantiall y  mor e accurat e tha n th e others . 
I n suc h a  case ,  on e migh t  prefe r  t o mak e decision s base d 
upon rule s o r  decisio n tree s sinc e suc h representation s ar e 
easy t o follo w b y a  practitioner .  Furthermore ,  followin g 
guideline s simila r  t o decisio n tree s o r  rule s i s becomin g 
commonplac e i n healt h car e managemen t  organization s 
wher e a  patien t  firs t  see s a  "gatekeeper "  w h o determine s 
whethe r  th e patien t  shoul d b e see n b y a  specialist . 

However ,  neithe r  th e tree s produce d b y C4. 5 (Quinlan , 
1993 )  no r  th e rule s produce d b y rul e learner s suc h a s C4. 5 
rule s o r  F O C L (Pazzan i  &  Kibler ,  1992 )  produce d rule s tha t 
woul d b e acceptabl e i n practice .  I n particular ,  som e item s 
whic h shoul d b e viewe d a s sign s o f  bein g impaire d ar e use d 
as sign s o f  bein g norma l  an d vic e versa .  Thi s doe s no t 
matc h th e origina l  inten t  o f  B O M C an d M M S E tests ,  doe s 
not  agre e wit h th e currentl y use d procedur e o f  totalin g th e 
number  o f  errors ,  an d reduce s th e comprehensibilit y  o f  th e 
rule s t o th e layperso n an d th e traine d neurologist .  Tabl e 1 
shows a n exampl e o f  on e suc h rul e tha t  wa s produce d b y 
F O CL whe n trainin g o n 30 0 patien t  records .  Simila r 
problems  occu r  wit h othe r  rul e learner s suc h a s C4. 5 rule s 
and C N 2 (Clar k &  Niblett ,  1989) . 

I f  suc h violation s o f  expectation s wer e necessar y t o obtai n 
accurat e results ,  the y coul d b e tolerated .  Suc h violation s 
migh t  eve n lea d t o ne w insight s b y focusin g futur e researc h 
on explainin g them .  However ,  w e shal l  sho w tha t  o n thi s 
problem ,  th e sam e diagnosti c performanc e ca n b e achieve d 
withou t  thes e violations . 

I n th e remainde r  o f  thi s paper ,  w e firs t  describ e rul e 
learnin g algorithm s i n detai l  usin g F O C L a s a n exampl e t o 
describ e on e sourc e o f  incomprehensibl e rules .  W e describ e 
a simpl e extensio n t o F O C L tha t  prevent s i t  fro m learnin g 
rule s tha t  violat e th e expectation s o f  a  domai n exper t  an d 
sho w tha t  thi s extensio n doe s no t  hur t  th e diagnosti c valu e o f 
th e concept s tha t  ar e learned .  W e presen t  preliminar y 
evidenc e tha t  rule s withou t  thes e violation s ar e preferred . 
We conclud e b y describin g relate d wor k an d commentin g o n 
direction s fo r  futur e research . 

Background: Rule Learners 

F O CL i s derive d fro m Quinlan' s (1991 )  F O I L system . 
FOI L i s designe d t o lear n a  se t  o f  clause s tha t  distinguis h 
positiv e example s o f  a  concep t  fro m negativ e examples . 
Each claus e consist s o f  a  conjunctio n o f  tests .  Fo r  example , 
i n th e dementi a domai n a  tes t  migh t  chec k t o se e whethe r  th e 

Tabl e I :  Sampl e rul e wit h questionabl e test s underlined . 
I F th e year s o f  educatio n o £ th e patien t  i s  >  5 
AND th e patien t  doe s no t  kjio w th e dat e 
AND th e patien t  doe s no t  )cno w th e nam e 

of  a  nearb y stree t 
THEN Th e patien t  i s  NORMAL 

OTHERWISE IF the number of repetitions before 
correctl y recitin g th e addres s i s >  2 

AND the age of the patient is > 86 
THEN Th e patien t  i s  NORMAL 

OTHERWISE IF the years of education of the 
patien t  i s  >  9 

AND th e mistake s recallin g th e addres s i s <  2 
THEN Th e patien t  i s  NORMAL 

OTHERWISE The patient is IMPAIRED 

patient' s ag e i s les s tha n a  certai n value ,  o r  whethe r  th e 
patien t  know s th e da y o f  th e week . 

F O I L operate s b y tryin g t o find a  claus e tha t  i s tru e o f  a s 
many positiv e example s a s possibl e an d n o (o r  few )  negativ e 
examples. ^  I t  the n remove s th e positiv e example s explaine d 
by tha t  claus e fro m consideratio n an d finds  anothe r  claus e t o 
accoun t  fo r  othe r  positiv e examples .  I t  repeat s thi s claus e 
learnin g proces s unti l  al l  (o r  nearl y all )  o f  th e positiv e 
example s ar e explaine d b y som e clause .  Eac h claus e ca n b e 
viewe d a s a  descriptio n o f  som e subgrou p o f  examples . 

T o lear n a  clause ,  F O I L first  consider s al l  possibl e 
clause s consistin g o f  a  singl e test .  I t  select s th e bes t  o f  thes e 
accordin g t o a n information-gai n heuristi c whic h essentiall y 
favor s a  tes t  tha t  i s  tru e o f  man y positiv e example s an d fe w 
negativ e examples .  Next ,  F O I L specialize s th e rul e usin g 
th e sam e searc h procedur e an d information-base d heuristic , 
considerin g h o w conjoinin g a  tes t  t o th e curren t  claus e 
woul d improv e i t  b y excludin g man y negativ e example s an d 
fe w positives .  Thi s specializatio n proces s continue s unti l  th e 
claus e i s no t  tru e o f  an y negativ e examples ,  resultin g i n a 
singl e claus e tha t  i s  a  conjunctio n o f  tests . 

F O CL follow s th e sam e procedur e a s F O I L t o lear n a  se t 
of  clauses .  However ,  i t  learn s a  se t  o f  clause s fo r  eac h clas s 
(suc h a s norma l  an d impaired )  enablin g i t  t o als o dea l  wit h 
problem s tha t  hav e mor e tha n tw o classes .  Th e claus e 
learnin g algorith m i s ru n onc e fo r  eac h class ,  treatin g th e 
example s o f  tha t  clas s a s positiv e example s an d th e 
example s o f  al l  othe r  classe s a s negativ e examples .  Thi s 
result s i n a  se t  o f  clause s fo r  eac h class . 

F O CL ha s tw o method s fo r  convertin g a  se t  o f  clause s 
fo r  eac h clas s int o a  singl e decisio n lis t  suc h a s tha t  show n i n 
Tabl e I .  Th e first  metho d simpl y order s th e learne d clause s 
by a n estimat e o f  accurac y an d use s th e mos t  frequen t  clas s 

'  Ther e ar e n o severel y impaire d patient s i n thi s sampl e o f  dat a 
sinc e i t  i s  eas y t o distinguis h severel y impaire d patient s fro m other s 
withou t  th e us e o f  suc h tests . 

^  FOI L use s th e minimu m descriptio n lengt h principl e t o trade -
of f  th e complexit y o f  a  rul e wit h th e numbe r  o f  example s covere d 
and excluded .  Thi s i s intende d t o preven t  i t  fro m learnin g a n overl y 
comple x rul e t o explai n jus t  a  fe w exceptions . 
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as a  defaul t  t o b e use d i f  n o claus e applies .  Usin g th e sam e 
example s t o lear n th e initia l  se t  o f  clause s an d t o creat e th e 
ordere d decisio n lis t  ca n caus e a  proble m sinc e th e learne d 
rule s rarel y m a k e error s o n th e dat a use d t o lear n th e rules . 
I n ou r  experiments ,  w e alway s divid e th e trainin g dat a int o a 
learnin g se t  consistin g o f  2/ 3 o f  th e trainin g dat a fo r  learnin g 
clause s an d a n orderin g se t  consistin g o f  th e remainin g 1/ 3 
of  th e trainin g dat a fo r  creatin g th e decisio n list . 

T h e secon d metho d fo r  creatin g a  decisio n lis t  i s  a n 
optimizatio n procedur e tha t  select s a n ordere d subse t  o f  th e 
origina l  clauses .  Th e algorith m initialize s th e decisio n lis t  t o 
a defaul t  claus e tha t  predict s th e mos t  frequen t  class .  Next , 
i t  iterativel y trie s t o improv e upo n th e curren t  decisio n lis t 
wit h a n operato r  tha t  replace s th e defaul t  rul e wit h a  learne d 
claus e an d a  n e w defaul t  clause .  Th e impac t  i s  calculate d o f 
addin g eac h remainin g claus e t o th e en d o f  th e curren t 
decisio n lis t  an d assignin g th e example s tha t  matc h n o claus e 
t o th e mos t  frequen t  clas s o f  th e unmatche d examples .  Th e 
chang e tha t  yield s th e highes t  impac t  i n accurac y i s mad e 
and th e proces s i s repeate d unti l  n o chang e result s i n a n 
improvement .  Typically ,  onl y a  fe w clause s ar e selecte d b y 
thi s proces s resultin g i n a  relativel y shor t  decisio n 
procedure . 

O ne furthe r  detai l  i s  neede d t o understan d h o w F O C L 
arrive s a t  a  decisio n lis t  usin g rul e optimization .  W h e n 
addin g clause s t o th e decisio n list ,  F O C L als o ha s th e optio n 
t o choos e a  prefi x o f  a  learne d clause .  Tha t  is ,  i f  a  claus e 
suc h a s X  &  Y  &  Z  wa s learned ,  F O C L consider s usin g X  o r 
X & Y i n additio n t o X & Y & Z a s a  claus e i n th e decisio n list. ' 
Thi s ca n resul t  i n shorter ,  mor e genera l  clauses .  Suc h a 
claus e optimizatio n ste p ha s bee n show n t o significantl y 
simplif y th e learne d concept s (e.g. ,  Cohen ,  1995) .  Th e 
decisio n lis t  show n i n Tabl e 1  wa s learne d usin g thi s 
optimizatio n procedure . 

Tabl e 2  show s th e accurac y o f  C4.5 ,  C4. 5 rules ,  F O C L 
wit h rule s ordere d b y accuracy ,  an d F O C L wit h optimize d 
rule s o n th e C E R A D data .  Th e accurac y i s average d ove r  5 0 
trial s o f  dividin g th e dat a int o a  trainin g se t  o f  siz e 21 0 an d a 
tes t  se t  o f  siz e 105 .  Th e tes t  se t  doe s no t  contai n an y 
example s fro m th e trainin g set . 

Table 2: Accuracy at identifying impaired patients. 

Th e result s sho w tha t  FOCL ' s optimize d rul e ord e 
substantiall y  mor e accurat e tha n th e othe r  lear r 
algorithms .  Thi s resul t  i s  significan t  a t  leas t  a t  th e 0 1 l < 
usin g two-taile d t-tests .  W e n o w tur n ou r  attentio r 
improvin g th e comprehensibilit y  o f  F O C L ' s output . 

Monotonicity Relationships 

S o me clause s i n th e learne d categor y description s vi o 
th e inten t  o f  th e B O M C an d M M S E examinations . 
particular ,  gettin g som e question s righ t  i s  use d a s evid e 
tha t  on e i s impaire d an d gettin g som e question s wron j 
use d a s evidenc e tha t  on e i s no t  impaired .  A  relati \ 
simpl e chang e t o F O C L eliminate s suc h test s f i 
consideration .  Fo r  variable s wit h numeri c relationships , 
use r  declare s whethe r  th e variabl e ha s a  know n monot c 
relationship s wit h eac h class. "  A  monotoni c relationshi ] 
on e i n whic h increasin g th e valu e o f  th e variabl e al w 
increase s o r  decrease s th e likelihoo d categor y members ! 
W h en considerin g test s t o ad d t o a  clause ,  th e test s i 
violat e thes e relationship s ar e remove d fro m considerat i 
For  example ,  whe n learnin g a  descriptio n o f  th e nor i 
patients ,  F O C L wit h monotonicit y constraint s onl y chec k 
see i f  th e numbe r  o f  error s recallin g th e addres s i s les s t 
some number .  W h e n learnin g clause s describin g 
impaire d category ,  i t  onl y test s t o se e i f  thi s variabl e 
abov e som e threshold . 

Thes e constraint s o n test s m a y als o b e use d o n Boo l 
and nomina l  variables .  I n thi s case ,  th e use r  specifie s w h 
value s ar e possibl y indicativ e o f  membershi p i n a  class . 
example ,  a  valu e o f  tru e fo r  th e variabl e "know s th e d i 
m ay b e use d a s a  sig n fo r  normal ,  whil e th e valu e fals e r 
be use d a s a  sig n fo r  impaired . 

For  th e C E R A D data ,  an d fo r  m a n y medica l  dat a s 
th e dat a i s code d suc h tha t  a n increas e i n a  variable s valu i 
an incorrec t  respons e t o a  questio n increase s th e chanc e i 
one ha s a  particula r  diseas e o r  syndrome .  W e encode d 
knowledg e a s monotonicit y relationship s t o F O C L .  W e ; 
adde d constraint s indicatin g tha t  th e likelihoo d tha t  on ( 
impaire d increase s wit h ag e an d decrease s wit h educati c 
level .  Tabl e 3  show s a n exampl e o f  a  rul e learne d wit h t h 
constraints . 

Algorith m 

C4. 5 
C4. 5 rule s 
F O CL (Accurac y order ) 
F O CL (Optimize d order ) 

Accurac y 

86. 7 
82. 6 
86. 0 
90. 6 

'  Prefixe s o f  learne d clause s ar e selecte d rathe r  tha n subset s fo r 
efficienc y reasons .  Ther e ar e onl y N  prefixe s o f  a  claus e o f  lengt h 
N,  whil e ther e ar e 2" *  subsets .  Th e test s a t  th e en d o f  a  claus e ar e 
more likel y t o caus e problem s sinc e the y ar e leame d afte r  mor e 
example s hav e bee n excluded ,  increasin g th e chance s o f 
"coincidental "  regularities . 

Some variable s ma y b e lef t  unconstrained ,  i n whic h cas e 
test s wit h tha t  variabl e ar e considered . 
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We ra n 5 0 trial s o f  F O C L usin g rul e optimizatio n wit h 
and withou t  monotonicit y constraints .  Ther e i s no t  a 
substantia l  o r  significan t  differenc e i n accurac y usin g th e 
consU"aints .  F O C L i s 9 0 . 7 % accurat e whe n usin g 
monotonicit y constrain t  an d 9 0 . 6 % accurat e whe n 
unconstrained. '  O n average ,  a  decisio n lis t  forme d withou t 
constraint s contain s a  tota l  o f  4.6 5 test s an d 2.1 3 violation s 
of  th e monotonicit y constraints .  Wit h th e constraints ,  a n 
averag e o f  4.3 0 test s ar e use d i n a  decisio n list ,  non e o f 
whic h violat e th e constraints .  Thi s raise s tw o question s tha t 
we wil l  addres s below : 

1. Why does a learning algorithm create tests that 
violat e thes e constraints ? 

2.  Ar e rule s tha t  d o no t  violat e monotonicit y 
constraint s t o b e preferre d i n practice ? 

If we assume that the constraints are correct, then there 
ar e tw o factor s whic h contribut e t o a  tes t  tha t  violat e thes e 
constraint s bein g use d i n a  rule .  First ,  whil e th e tes t 
appeare d bes t  accordin g t o a n information-base d selectio n 
procedure ,  thi s procedur e detecte d a  "'spuriou s correlation " 
i n th e dat a du e t o samplin g biases ,  nois e i n categor y labe l 
(i.e. ,  a  patien t  m a y b e misdiagnosed )  o r  nois e i n a  variable' s 
valu e (i.e. ,  a  questio n m a y hav e bee n recorde d o r  score d 
improperl y o r  a  patien t  m a y hav e guesse d th e correc t  answe r 
t o a  questio n suc h a s guessin g th e da y o f  th e week) .  Suc h 
problem s ar e mor e likel y t o occu r  nea r  th e en d o f  a  claus e o r 
th e leave s o f  a  decisio n tree .  I n thes e cases ,  th e sampl e o f 
dat a use d b y th e information-base d heuristi c i s reduce d t o 
thos e example s tha t  ar e tru e o f  th e condition s i n th e initia l 
portio n o f  th e clause .  A  smalle r  sampl e i s mor e likel y t o 
hav e a  tes t  tha t  i s  uninformativ e appea r  t o b e informative . 
Prunin g algorithm s suc h a s th e FOIL' S M D L method , 
FOCL' s rul e optimizatio n procedure ,  an d variou s decisio n 
tre e prunin g algorithm s mitigat e thi s problem .  However , 
the y ar e onl y a  partia l  solutio n a t  best .  Fo r  example ,  th e 
rule s produce d b y accurac y orderin g i n unconstraine d F O C L 
contai n a n averag e o f  18.6 3 test s an d 12.1 3 monotonicit y 
constrain t  violations .  Th e rul e optimizatio n procedur e 
reduce s thi s t o 4.6 5 test s an d 2.1 3 violations . 

The secon d facto r  tha t  account s fo r  th e selectio n o f  test s 
tha t  violat e th e monotonicit y constraint s i s tha t  th e selectio n 
procedur e select s a  singl e bes t  test .  I t  i s  ofte n th e cas e tha t 
severa l  test s ar e equall y o r  statisticall y indistinguishabl y 
informative .  Unde r  thes e circumstances ,  a  decisio n 
procedur e coul d b e foun d tha t  i s bot h accurat e an d 
comprehensibl e t o a n exper t  b y eliminatin g fro m 
consideratio n test s tha t  violat e thes e constraints . 

Not e tha t  th e goa l  o f  knowledge-discover y i n database s i s 
sometime s viewe d a s findin g "th e model "  o f  th e data ,  whil e 
i n realit y ther e ar e ofte n m a n y possibl e model s o f  th e dat a 
tha t  ar e no t  significantl y differen t  accordin g t o an y statistica l 
procedur e o n th e trainin g example .  Fo r  example .  Murph y 
and Pazzan i  (1994 )  use d a  massivel y paralle l  compute r  t o 

Tabl e 3 :  A  rul e learne d wit h monotonicit y constraints . 

IF the years of education of the patient is > 5 
AND th e mistake s recallin g th e addres s i s <  2 
THEN Th e patien t  i s  NORMAL 

OTHERWISE 
I F th e year s o f  educatio n o f  th e patien t  i s  >  1 1 
AND th e error s mad e sayin g th e month s backwar d 

i s <  2 
THEN Th e patien t  i s  NORMAL 

OTHERWISE 
I F th e year s o f  educatio n o f  th e patien t  i s  >  1 7 
THEN Th e patien t  i s  NORMAL 

OTHERWISE The patient is IMPAIRED 

'  W e als o inverte d al l  o f  th e monotonicit y constraint s (e.g. ,  b y 
statin g tha t  increasin g ag e decrease s th e likelihoo d o f  dementia ) 
and thi s significantl y decrease d th e accurac y o f  F O C L t o 88.1% . 

fin d al l  decisio n tree s consisten t  wit h a  se t  o f  2 0 trainin g 
examples .  A  tota l  o f  ove r  25,00 0 tree s wer e found .  M a n y 
of  thes e tree s wer e ver y complex .  However ,  o n averag e 
ther e wer e 2 0 tree s wit h 5  o r  fewe r  tests .  W e advocat e 
imposin g othe r  constraints ,  suc h a s monotonicit y constraint s 
on th e mode l  selectio n proces s s o tha t  accurat e an d 
comprehensibl e model s ar e produced . 

Monotonicity Constraints 
a n d t h e A d o p t i o n o f  Clinica l  G u i d e l i n e s 

We hav e conducte d survey s o f  tw o neurologist s t o 
determin e whethe r  monotonicit y constraint s influenc e th e 
willingnes s t o follo w guidelines .  W e generate d 1 6 decisio n 
list s suc h a s tha t  show n i n Tabl e 1  b y usin g unconstraine d 
F O CL an d 1 6 decisio n list s suc h a s tha t  show n i n Tabl e 3  b y 
usin g F O C L wit h monotonicit y constraint s o n 1 6 randoml y 
selecte d subset s containin g 20 0 example s fro m th e C E R A D 
database .  I n bot h cases ,  th e rul e optimizatio n procedur e o f 
F O CL wa s use d t o ensur e tha t  concis e description s wer e 
learned .  Eac h rul e wa s printe d o n a  separat e shee t  o f  pape r 
and presente d i n a  rando m orde r  t o eac h neurologist .  W e 
aske d eac h neurologis t  t o rat e o n a  scal e o f  0-1 0 " H o w 
willin g woul d yo u b e t o follo w th e decisio n rul e i n screenin g 
fo r  cognitivel y impaire d patients" .  W e hypothesize d tha t  th e 
neurologist s woul d b e mor e willin g t o us e rule s tha t  wer e 
generate d b y F O C L whe n i t  use d monotonicit y constraints . 

Neurologis t  1  ha s bee n involve d i n thi s projec t  fo r 
approximatel y on e yea r  an d i s awar e tha t  th e focu s o f  th e 
researc h i s t o creat e comprehensibl e rules .  Neurologis t  2  i s 
not  affiliate d wit h thi s projec t  an d i s unawar e o f  it s  goals . 
For  Neurologis t  1 ,  th e averag e scor e o f  rule s generate d b y 
F O CL withou t  th e monotonicit y constraint s wa s 3.25 ,  whil e 
th e averag e scor e o f  rule s generate d wit h th e monotonicit y 
constraint s wa s significantl y highe r  5.5 6 t(15 )  =  6.60 ,  p  < 
.001 .  Fo r  Neurologis t  2 ,  thes e score s wer e 0.2 5 an d 2.3 8 
t(15 )  =  5.09 ,  p  <  .001 .  Althoug h i t  i s  clea r  tha t  th e 
neurologist s wer e usin g differen t  scales ,  i n eac h cas e highe r 
averag e rating s wer e give n t o th e categor y description s 
generate d wit h thes e constraint s i n mind .  W e als o sho w th e 
correlatio n betwee n th e numbe r  o f  monotonicit y constrain t 
violation s an d th e willingnes s t o follo w th e rule .  Tabl e 4 
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show s th e correlatio n betwee n thes e variable s fo r  eac h 
neurologist .  Fo r  compariso n purposes ,  w e als o sho w th e 
correlatio n betwee n th e willingnes s t o follo w a  rul e an d th e 
number  o f  test s an d numbe r  o f  clause s i n th e rule ,  tw o 
common l y use d measure s o f  rul e complexity .  W e di d no t 
attemp t  t o balanc e fo r  th e siz e o f  th e rule s i n th e tw o 
conditions ,  bu t  th e averag e numbe r  o f  test s an d clause s wa s 
withi n 1 0 % betwee n th e tw o conditions . 

Table 4: Correlations between properties of learned 
model s an d neurologists '  willingnes s t o us e th e models . 

Correlatio n 

Violation s 
N u m b er  o f  test s 
N u m b er  o f  clause s 

Neurologis t  1 

.43 3 

.20 8 

.27 8 

Neurologis t  2 

.62 3 

.02 0 

.01 1 

Thes e result s sho w tha t  bot h neurologist s wer e sensitiv e t o 
th e violation s o f  monotonicit y constraint s an d thes e 
violation s affec t  th e willingnes s t o follo w th e rule .  Th e siz e 
of  th e rule s di d affec t  th e judgmen t  o f  on e o f  th e 
neurologist s bu t  t o a  lesse r  exten t  tha n th e numbe r  o f 
constrain t  violations . 

Related Work 

Most  wor k i n producin g understandabl e rule s ha s focuse d 
on syntacti c propertie s o f  th e rules ,  particularl y th e siz e o f 
rules .  Suc h wor k simpl y equate s siz e wit h 
comprehensibilit y  an d seek s t o minimiz e th e siz e o f  learne d 
relationships .  Fo r  example ,  Karalic' s (1996 )  paper , 
"Producin g mor e comprehensibl e model s whil e retainin g 
thei r  performance "  migh t  jus t  a s wel l  b e entitle d "Producin g 
smalle r  model s whil e retainin g thei r  performance "  sinc e i t 
describe s th e us e o f  th e m i n i m u m decriptio n lengt h 
principl e t o lear n shorte r  rules .  Craven' s (1996 )  researc h o n 
extractin g comprehensibl e model s fro m neura l  network s ha s 
focuse d o n creatin g concis e representation s suc h a s shor t 
rules .  I n contrast ,  w e hav e focuse d o n h o w th e relationshi p 
betwee n learne d knowledg e an d existin g knowledg e affect s 
comprehensibilit y  an d hav e show n tha t  ther e ar e difference s 
othe r  tha n siz e tha t  affec t  th e willingnes s o f  expert s t o us e 
rules . 

Pazzan i  (1991 )  introduce d th e notio n o f  influenc e theorie s 
tha t  affec t  th e causa l  inductio n process .  Thi s earlie r  researc h 
focuse d o n th e direc t  cause s o f  a  stat e change ,  showin g tha t 
some aspect s o f  th e causa l  inductio n proces s coul d b e 
explaine d b y th e fac t  tha t  peopl e hav e knowledg e o f 
potentia l  cause s bu t  mus t  lear n whic h combination s o f  thes e 
cause s ar e necessar y an d sufficien t  (cf .  Kelley ,  1971) .  Whil e 
th e curren t  wor k differ s i n tha t  th e factor s o f  interes t  ar e 
effect s rathe r  tha n cause s o f  th e phenomeno n o f  interest ,  th e 
genera l  ide a i s simila r  i n tha t  th e learnin g algorith m i s 
constraine d b y knowledg e o f  potentia l  influences . 

Clar k an d Matwi n (1993 )  sho w h o w learnin g m a y b e 
constraine d b y a  qualitativ e mode l  o f  a  physica l 
phenomenon .  Althoug h i t  woul d b e difficul t  t o represen t 
knowledg e o f  th e cause s o f  dementi a a s a  qualitativ e model , 
Clar k an d Matwin' s wor k doe s sho w tha t  rul e learnin g ca n 
be constraine d t o b e consisten t  wit h prio r  knowledge . 

A variet y o f  technique s t o constrai n th e coefficient s o f 
linea r  regressio n ar e summarize d i n Leblan c an d Tibshiran i 
(1993) .  Althoug h th e focu s o f  th e researc h o n method s t o 
regulariz e weight s i s t o increas e th e predictiv e inferenc e 
capabilitie s o f  th e models ,  the y m a y als o mak e th e model s 
easie r  t o interpret .  Fo r  example ,  constrainin g th e coefficient s 
of  eac h variabl e t o b e positiv e o r  negativ e coul d simulat e th e 
effec t  o f  declarin g ther e t o b e a  monotoni c relationshi p 
betwee n a  variabl e an d a  class . 

Future Directions 
Our  futur e plan s includ e collectin g feedbac k fro m 

additiona l  practitioner s w h o us e th e M M S E an d B O M C o n 
th e comprehensibilit y  o f  learne d categor y description s i n thi s 
domai n an d furthe r  psychologica l  investigatio n o n th e 
factor s tha t  influenc e th e willingnes s o f  expert s t o us e 
learne d models . 

I n th e curren t  implementation ,  ther e i s n o wa y t o ad d a 
conditio n tha t  violate s a  monotonicit y constrain t  t o a 
categor y descriptio n regardles s o f  th e amoun t  o f  statistica l 
suppor t  fo r  tha t  condition .  I n th e futur e w e pla n o n 
softenin g suc h constraint s b y preferrin g condition s tha t  d o 
not  violat e constraint s bu t  permittin g a  conditio n wit h a 
violatio n i f  ther e ar e n o sufficientl y informativ e condition s 
tha t  d o no t  violat e constraints .  W e wil l  als o investigat e 
method s fo r  learnin g monotonicit y constraint s s o tha t  th e 
knowledg e require d b y thi s syste m m a y automaticall y b e 
acquire d fro m th e data . 

Conclusions 
We hav e argue d tha t  t o b e trul y useful ,  th e knowledg e 

discovere d i n database s mus t  bot h b e accurat e an d 
comprehensible .  W e hav e furthe r  argue d tha t  on e facto r  tha t 
influence s th e comprehensibilit y  o f  learne d knowledg e i s th e 
use o f  condition s a s evidenc e fo r  belongin g t o som e categor y 
when prio r  knowledg e indicate s tha t  thes e condition s ar e 
evidenc e tha t  a n exampl e doe s no t  belon g t o tha t  category . 
We hav e show n tha t  existin g knowledg e discover y system s 
lear n rule s wit h suc h condition s an d create d a n enhancemen t 
t o on e algorith m tha t  prevent s thes e condition s fro m bein g 
adde d t o learne d models .  Finally ,  w e hav e presente d 
preliminar y evidenc e tha t  expert s prefe r  rule s tha t  d o no t 
contai n violation s o f  prio r  knowledge . 
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