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Rule bA&ction methods have been proposed in order to acquuie
knowledge Womhia)rom &atabi es. However, convetonl
oppracwhes do nofocus on the Opemation ofbdcedrsa
into an e1systemo In thsapq, the autrfocwes not only on
nide indon but also on ift evahation andpsent a systmatic
oproachfrom theformer to the lamer as follows. FirA a nre
bmro Inm based on rough sets and aIzwo ed
genralaton is introduced and was opplied to adae of
congena malfmation to efract dagnstic nles. 7en by the
use ofthe indced knowledge, an cxwt system which makes a
djff1ntia diagnosis on congenial disorders is developed
Finly, this expeir system wa evaluaed in an oupaknt clinic,
the esults ofwhich show that the system perform as weus a
medica expen.

INTRODUCTION

Rule in hods have been prposed in order to acquire
knowledg b [l2]. They are expected
to solve the Tttleneck pbl ofknowledge acquisition[3] and
good pertbancsof induced rules are since the
beginning of 1980s[l]. However, no par focuses on the

don of Pdic reulths ino an] expert *emn.

In thispa, the auto focuses not only on rule indction but also
its evalution, and.s a reican
trduction of autmtic knowledge cuisition methods to

evalaion of the induced rules in clinical envionment in the
following four steps. Fiksty, the auho focuses on two kinds of
medical reasonino called positive and negative reasoning and
defines twoce n rules, positive and negative rules, in the
licmework of rough sets[4]. Also, in order to exat more

alized rules, the audw introduces attribute-oiented
g rion[5], which converts attributes given m a d se
into a i ones by using dain knowledg. Secondly,
acrding to the frmal definition of positive, negative and
g ii rules, a rule induion ystemn, called PRIMEROSE-

REX2 obabiistic Rule Induction Method based on Rough Sets
for Rules of Expert Systen ver 2.0), is developed This ystemn
was applied to a clinical dbase of eital mafion[6,7]
in order to acquime ic knowled. The ic results
show tat tis nehiod not only extrcts exper knowledge
correctly, but also discovers that y mp s observed in six
positions (eyes, noses, eam, lips, fingers and feet ) play imprA
roles in a diagnosis. Thi , ing to the induced rules and
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attribute inration, the author develops an expert sysem, called
RCOM (Rule based syesn forCogal Malfaion), which
outpus a disc conclusion ( a syndrome ) fixm the
obsins input by ers. The nste provides agrpWhical iput
i for symptoms In sIX pUsito which consists ofa list of

aphs and vebal input interfaces for other E. ach
p phdesces typical patm of s in eyes, noses,

ear, lips, fingers and feet so that users will not miss inputs
necessay for diagnostic edures. After all the inputs are
cpleted, tis stem applies all the inputs to diagotic rules and
outpts a c ital disorder as a distic conclusion. Finally,
this expert systen was evaluated in clinical practice, the results of
which show hat the system gains as good rrace as a
medical expert.

FOCUSING MECHANISM

One of the characteristics in medical reasoning is a
focusing mechanism, which is used to select the final
diagnosis from many candidates[2]. For example, in a
differential diagnosis of headache, more than 60 diseases
should be checked. This style of reasoning consists of the
following two kinds of reasoning processes: negative
reasoning and positive reasoning, which are applied in the
following way. First, negative reasoning excludes a disease
from candidates when a patient does not have a symptom
which is necessary to diagnose that disease. Then, positive
reasoning suspects a disease in the output of the exclusive
process when a patient has symptoms specific to a disease.
These two steps are modeled as usage of two kinds of
rules, negative rules (exclusive rules) and positive rules,
the former and the latter of which corresponds to negative
reasoning and positive reasoning, respectively. In the next
section, these two rules are represented as special kinds of
probabilistic rules.

DEFITIONOFRULES

In the following sections, t author uses the following notations
of rough set theoyl4], which is illushtated by a small d se
shown in Table 1. First, a combination of attribute-value pais,
corresponing to a complex inAQ terminolop4l] is denoted by a
formula RI For example, [telornSm=/!vpe] A [rsdee=ys]
will be one fona, denoted by R=[telorism=hyper]A [irs-
dfea=yes]. Secondly, a set of samples which satisfy R is
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denoted by [x]., e nd to a star in AQ ftminology. For
example, fte set; [x] , each mem of which satisfies
[ftlor==hyp], is equal to {2,4,5,6}, which shows at the
second, fourih, fiflh and sixth case satisfy the above relation (in the
following, the numbers in a set are used to represent each record
number). This notation can be also extended to a conjtnctive or
disjunctive fonmula, such as [x](,1 f {2,5}
andlx]>;,y7,,a,,p0r {1,2,4,5,6}, where and v denote
"and' and "or" respectively. Fnally, U, which stnds for
`cUnivears, denotes all trn samples.

Table 1: A Small Datse on Congenital Disorders

U Al A2 A3 A4 A5 A6 Class
1 No Nomal Megalo Yes Yes Long Aarskog
2 Yes Hype Megalo Yes Yes Long Aamog
3 Yes Hypo Nomal No No Nomial Down
4 Yes Hyper Nomal Yes No Nomial Down
5 Yes Hyper Lae Yes Yes Long Aarskog
6 No am Yes Noo CatS~

Definitions: Al: round face, A2: telaoism, A3:comea, A4:
atmongoloid slanting ofpalxbral fisures, A5: jris-defects,
A6: eyelashes, Aarskog: Aarskog syndrome, Down: Down
yndm e, Cat-ay: Cat-cy syndrome.

Accuracy and Coverage
By the use oftiese n , classification accrcy and coverge
(true positive rate) are defined as:

aR(D)= I[XIRII ,RDI

where [x]Rand O4I denote a set which satisf a relaion the
cardinality ofa setA, respecvely. In the above example, whenR
and D are set to [fis-fects=no] and [clam=Down], the
accuracy and covege ofR as to D are cua as follows:
ok(D)=e3=0.67 and 1cR(D)=2=1.0.

It is notable hat ok(D) nmsures the degree ofthe sufficiency ofa
prpositon, R-D and that lR(D) measures the degree of its
necessity. For exampe, ifthe accuracy is equal to 1.0, then R-+D
is true, and if the coverage is equal to 1.0, then D--R is tue.
Thus, ifbothmeases areequal to 1.0,thenR -+Dwill hold

Probabilistic Rules
By the use ofaccuracy and coverage, a probabilistic nrle is defined
as:

R-+d,R=AiE[a = vi ,aR(D)6Sa,CR (D)>8,e
which is an extnsion ofrules in Ziarlco's variable precision rough
set model[8].

This type of nile is mainly used to r r les which are
induced after the application ofatbut-orinted generalization. It
is noable that both positive niles and negative niles are defined as

special cases ofthis nule, as show inthe next subsections.

Positve Rules
A positive nrle is defined as a nile supported by only positive
examples, the classification acwacy ofwhich is equal to 1.0. It is
notable tht the set that supports this nile responds to a subset
of the lower aprox on of a tawget concept which is
intrduced in rough sets[4].A positive nile is r ed as:

R-d,R=Ai[a, =vJ ],xaR(D)=l.O.

In the above example, one positive nle of"'Aarskog sndroe is:

[iris-deects-yes] -*Aarskog or-3/3=1.0.

Positive niles are often called deterministic niles. However, in this
paper, a tm, positive (deterministic) niles is used, because
detennnistic niles which is supported only by negative examples,
called negative niles, are also itroduced as inthe next subsection.

Negdve Rules
Beforedefininganegative rule, letus frstiroducean exclusive
nule, the c itive of a negative rule[2]. An exclusive nule is
defined as a nile s by all the positive examples, the
coverage ofwhich is equal to 1.0. (Exclusive niles reprst the
necessity condition of a decision.) It is notable that the set
supporting a exclusive nile c s to the upper
approxination ofa taget concept; inoduced in rough sets.

An exclusivenle isrepesented as:

R-+d,R =v[a1 =v4,ICR(D)= .O.

In the above example, an exclusive rule of"Aarskog" is:

[eyelashes=longl v[iis-dfects-yes] -+mchl, Xl.0.

From the viewpoint of prpositional logic, an exclusive nule
shouldbe rpreseted as:

d -+ vi [a, = vj ]

because the condition of an exclusive nile corsponds to the
necessity cndion ofa conclusion d. Thus, it is easy to see iat a
negativen ile is defined as the coritive ofan exclusive nule:

Ai-4a1 =vfI->-,d
which means iat ifa case does not satisfy any attnibute value pairs
in the cnditio of a negative nle, hn a decision d should be
exchlded frm n ic candids. For example, the negative
nile ofAarskog is:

A-{eyelashes=long]A-{Jis-defcts-yes]-*Aars og
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Ins y, a negative rule is defined as:

Ai -4a, = vj -+ d st. V[a1 =v ],Ka,=v,](D) = 1.0,

where D detes a set of samples which belong to a class d.
Negative rules should be also included in a category of
deteninistic ules, since their coverage, a measure of negative
concepts isequalto 1.0.

AttibutOiented Generarzation
Rule in met s regard a as a decision table[4]
and induce rules, which can be viewed as re decisn tables.
However, dhse rules excedf tables do not include
infom-ation about atnlue and they are too simple. In ap l
situio,dmain knowledge abut is veryian t to
gain the iity ofinducedkowled, Which is one of
te reawns wkl dawPs we !-iwle - as --al
dataae[5].

Thus, reinepetaion ofinduced rules by using information about
attributs is needed t acquire eens rules. For example,
teroliansmra, an loid slaing ofpaIIalfIsues,irs
defects and long eyelashes are s aroundseyes. Ths, those
syms can be ed into a category "eye sy os" whe
the location of ymptomss be focused on. This process,
gropigofabO , iscalleatten 5]

Atun genrlizatin can be viewed as t
of variables in the cotex of rule induction. For example, an
atute "iris defects" shold be transfomned inoan atrh "eye
symptms". (It is notble tiat the tsMIaio of attribues in
rules cAoie to th of a se because a set of nles is
equvalft to a reduced decision table. ) So, one positive nrle of
"Aarskog,

[iris-defects-yes] -* Aaskog, oc-3/3=1.0
is rewritten as:

[eye-symtoms-yes] -+ Aarkg.

Since five attbutes (teloism, comea, slanting, iris-defects and
eyelashes) are galized into eye- ona, the candidas for
accuracy and coveae will be (5/6, 2/3), (3/4, 3/3), (3/4,3/3), (3/3,
3/3), and (3/4, 3/3), revectvely. In these values, niim one
shoul be selecte& accuracy is equal to 3/4 and coveage is equal
to 2/3. Thu, the rn le becomes the following
prbbiltic rule:

[eye-s tnsyes] -4 Aarskog, oe=3/4=0.75, c2/3=0.67.

This process gives us .ifoiatio- about the locaon to which
medical experts pay attention in order to descbe a n e. In
the case ofAsog ndrome, all the positive rules given beklw
show iat eyes areveryimotfor itsdia is.

ALGORIHM

Induction ofNepiveRes
The it tive ofa negative ndle, an exclusive nre is inuced

as an exclusive nule by the modification of the algorithm
introued in PR1MEROSE-REX[2], as shown in Fig. 1.
Negative ruls are derived as the c itive of induced
exclusive rule.

proedure Exclusie andNegatRveuRles,
var
L L List; /* A list ofelenitaiy afttut-value pairs *

L:= P0; /* PO: A list of elementazy attrilt-ve pai
given in ad */

while(L*) do
begi

Select one pair [a-vj] fim L;
&x][j nrD*0)then do

/* D: positive examples ofat etclass d*/

L1~=Ls+[aivj];
/* Candidates for Positive Rules */

if (,q&P l.o)
then Ra:-R.2v [arvj;

/* Include [a-vj] inthe Exclusive Rule */
end

L:=L-[arv];
end

ConstructNegative Rules: take the aitive ofR;
end Xclusive andNegate Rules);

Figure 1: In tion ofExclusive andNegative Rules

InductionofPositve Rules
Positive rls can be viewed as a specific type of inchisive rules
introued in a ruleinm, PRIMEROSE-REX[2], the
accuracy and coverage of which is equal to 1.0 and 0.0,

pectively. Both riles can be induced by using the algithm in
PRIMEROSE-REK, shown in Fig. 2. For inductioof positive
rues, we only have to change the thdhokds of accuracy and
coverage it 1.0 and 0.0, respectively.

RuleInd n for Generam ed Attibutes
Afer inution of positive and negative nles, at s are
afnned into eali d os, ding to the list give by

uses Each elenent ofthe list is r as a tuple, (Ap4,C),
whele a., A mid C dote an in a given data set, a
genralized attibule for ab and the uppe level concept of A,
respectil. For example, ( ,f oms, Locao
means the iris-defect is generalized ino eye-sytos with
rse to the locati of tms.hen, atis in both mrles
are tansfom ed by using al tributes (A,C) and stics
ofgnralized attlibutes areoied from induced nies(Fig. 3).

PRIMEROSE-REX2
The auto develops a nrle in i y caled
PRIMEROSE-REX2 (Prbabilistic Rule Iuion Method based
on ROugh SEt for Rules ofExped System ver 2.0) by using the
ihdced alaniodsm This system tmatically acqures
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knowledge hi the following way. Fhst, PRIMEROSE-RFX2
induces negaive and positive mles from a given database. TIhen, it
applies teil to the induce mrles and
ans anues to liz ones. process is equivalent

to transfomiation of variables in a dalabase.) Finally, the sn
calculatesthe statstics ofrules obtained

predurPait iveeRulw,
var

i:hmeger, M :List,
beg in

L1:=L11- /*L,.A listof g edby
inducton ofexclusivemles */

i:=l; M:={};
for i:=l tondo

/* n: Total number of aiutesgiven in a datab */

while (1 4*) do

Select one pair R=A [ai=vj] fromL;

if(ol(D)> 6) then do
Sr . S*-+ JR);

/* IncludeR in a list ofthe Positive Rules */
ebeM:=M+ {R};

end
L,+l:= (A list ofthe whole conbinion of

the conjunction fonulae in M);
end

end PostiveRes);

Figure 2: Iduction ofPositive Rules

procedure GenealedRues;
var

i: intege, M Li: List
Lp,: List; /* List forAtbute-Oriend Generalization */

begin
while(L {}) do

begink
Select one pair (abAC) flum Lj

/* A: alizedatbtnuefor ai*/
/* C: General Concepts of A */

Change ai in Inluced Rules into (A,C);
I.:= ,1- {(aAC)};

end
Calculate is forG aliz Rules for each C;

end nerafizedRulsj,

Figue 3. Indcon ofGenalized Rules

EXPERIMENTAL RESULTS

PRIMEROSE-REX2 was applied to a clinical da of
congenital malfomiation, which consists of 336 sles, 268
attibutes and 12 Fu more, at are claified
into 12 geal aties (head, ha, face, eyes, nose, ears, lips

body, ams, finge legs and fe).

Statistis ofInduced Rules
As c the number and length ofinduced rmles are used and
compared with toe acquired diety fiun te expert in Tokyo
Medical and Dental University. Conceing the mber of nrues
for each disease, the exprt gives one positive and negative nrue for
eachcngial disorder.

The results obtained are smarizd into Table 2, which shws
the averaged number and length ofthe positive and negative nrles
induced by PRIMEROSE-REX2. Concerning postive nres, the
averaged number and length of rules obtained is 2.83 and 6.63,
respectivy, while the averaged length of expedIs mles is 6.66,
which sugests ht this stem inc rles simila to the expat of

al ds. On te other hand, the averaged length of
negative nules obftan is 10.67, whereas the aveged length of
experrs rles is 7A1. esting, the negative nles
fiun the are nmre r tthan experts mles.

Table2: Number and Length ofPositive andNegative Rules

Rules Samples Number of Length of Expqt
Rules Rules

Positive 336 2.83±0.75 6.63±121 6.66±0.94
Rules

Negative 336 1.0±0.0 10.67±3.45 7A41±2. 1
Rules

Statistics ofGenerahed Attnibutes
As a statistic, the total number ofgenalized at nltes in positive
and negative rules is selected to see which ali tibue
are imot for a diatic p edure. Table 3 shows te total
number of genalized tibtes used in positive and negative
rules. As a resul VInss in eyes, noses, ears lips, fingers and
feet aref used to describe hoe es, which suggest that
hese six locations shud be in sable to make a ial
diTabNs.N

Table 3. Nume ofGeralized Attlues used in Both Ru~les

Location
Head
Hair
Face
Eyes
Nose
Ears
lipo
Body
Anns

Fingers
Legs
Feet

Positive Rules
0.50±0.12
0.33±0.08
0.58±0.11
1.75033
1.08±.75
0.8±0.12
0.750.04
0.33±0.04
0.33±0.02
1.08±0.43
0.33±0.09
0.75±0.12

Negative Rules
0.25±0.09
0.33±021
0.42±0.05
3.80.86
1.67±0.38
08±0.41
0.750.39
0.33±0.08
0.50±0.13
0.92±0.21
0.17±0.07
0.3±0.20
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Expert System:RCOM
An expert stem, called RCOM (ule-based sysem for
Cngenia Malfonnatio) is developed by uig hd
knowledge. The meat hipotha icedresults ahat s
meyes, noses, ears, lips, fin and feet are eabl to make
a TiIT^ldihl~ists of each ofwhich
dices typical pms of s, are used to constuct
inputinterfaces for sx lati (eyes, nose ear, lips, fin and
feet) so ta usenr do not miss anyiu (symptoms) IM t for
diagosis Users select one ofthose -IotI ps in each locat
which is similr to a patient in hs ottient clinic. Afier uers
select the In six locations, RCOM e the
ysfse hh i then applies thm to
positive and Miles d by PRIMEROSE-REX2 and
finaly outputs-1 I conckision.

Evahation ofRCOM
RCOM was evaluated in clinical practice with respect to its
classification accuray by using 93 patients who came to the
outat clinic after the developmet of this system.
Experimental creut about c1 i flcation ym shown in
Table 4. The first and second row show the rpafnnance ofrules
obtaied by using PRIMROSE-REX2: t results in he first row
are deived by using both positive and negative rules and those in
the second row are deived by o* positive rules. The ird and
fih row show the results deived by using both positive and
ngtesandsebypsbyve s rlds dicfmna

nedical expeat in Tokyo Medical and Dental Univ sy. These
results show ta the coabinatio of positive and negative rules
oupo-. rules and aiaost th samepromc
asthatexpert.

Table 4: Experimental Results

Method Acrc
PRIMEROSE-REX2 91A% (85/93)
(Positive andNegative)
PRIMEROS-REX (Positive) 78.5% (73/93)
Experts (Positive andNegative) 93.5% (87/93)

DISCUSSION

In this par, a rule ixn systen based on rough sets and
aftnUAD1Q"~glenffalizfim isintroducedandwas appliedtoa
clinical eof ai The results
above show ta PRIMEROSE-REX automacally
diagnostic ules whose perfonnanc is as good as a medical expat
nastingly, as shon in Table 4, the difeence between ROOM
and a medical expert in misclasIfication is anl two cas: fbiher
analysi shows that these two cases mo l and have at
least two diff diag c andidates, which means tat te
caes are Vey difficult even for a domain expertto d se. Thus,
ftis sstem can be said to achieve alnost the same na as
ameicl expertofcneial disres.

However, this dicsion may be flue in a diffatial diagrois

firo 12 disae which are fre observed in an outpatient
clinic: actually, more dtan 1000 synes are oiqed in fte
domain of ita malf aton[6,,7, some of which am

rarely observed. The intwduced knowledge aq Isio SYstem
cat suppor theseWy eun ed ina given databae.
Thus, miles indced fimu databases should be reviewed y domain
exp to check wheher a knowld coven a domain
enogh ornot Ifno it isnecessayto acquire know frmthe
xeals about unobserved diseases or to ask te to check the

qualy ofgivenda . It will be our fiture wok to develwop a
more kwe -Aion proces in which nmle

help domain cmts to ahw usefi

CONCLUSIONS

In this pape, the ator p ents a h n
aut ed knowlege a ion mhod to evaltion of an
edialexpert system based on induced rules. First positive,

negtiveand ldes,am definedbyusi roughsetsanld
1 ~~~~9a -1-and a rule ffi ethod is

introduced Secondly, the systen was applied to a dataas of
ongea mi nato. rl*, by the use of the induced
knoge, an exrt sye which mae ad di
on c t ml m is developed. Finally, this expet
system was evalaed in clinical practice, the resuls of which
showthatthe system s aswel asandl expat
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