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Abstract

Since real-world decision making include several de-
cision steps, real-world decision making agents have
several sophisticated diagnostic reasoning mechanisms.
Thus, if we want to update these reasoning steps, we
have to extract rules for each step from real-world
datasets. However, one of the most important problems
on rule induction methods is that they aim at induction
of simple rules and cannot extract rules that plausibly
represent experts decision processes, which makes rule
induction methods not applicable to the maintenance
of real-world decision making agents. In this paper,
the characteristics of experts rules are closely examined
and a new approach to extract plausible rules is intro-
duced, which consists of the following three procedures.
First, the characterization of decision attributes (given
classes) is extracted from databases and the classes are
classified into several groups with respect to the char-
acterization. Then, two kinds of sub-rules, characteri-
zation rules for each group and discrimination rules for
each class in the group are induced. Finally, those two
parts are integrated into one rule for each decision at-
tribute. The proposed method was evaluated on med-
ical databases, the experimental results of which show
that induced rules correctly represent experts decision
processes.

Introduction
One of the most important problems in developing expert
systems is knowledge acquisition from experts (Buchanan
and Shortliffe, 1984). In order to automate this problem,
many inductive learning methods, such as induction of de-
cision trees (Breiman, 1984; Quinlan, 1993), rule induction
methods (Michalski, 1986; Shavlik, 1990) and rough set the-
ory (Pawlak, 1991; Tsumoto, 1995; Ziarko, 1993), are intro-
duced and applied to extract knowledge from databases, and
the results show that these methods are appropriate.

However, it has been pointed out that conventional rule
induction methods cannot extract rules, which plausibly rep-
resent experts’ decision processes(Tsumoto 1995; Tsumoto
1998): the description length of induced rules is too short,
compared with the experts’ rules. For example, rule in-
duction methods, including AQ15(Michalski 1986) and
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PRIMEROSE(Tsumoto 1995) induce the following com-
mon rule for muscle contraction headache from databases
on differential diagnosis of headache(Tsumoto 1998):

[location = whole] ∧ [Jolt Headache= no]
∧ [Tenderness of M1= yes]
→ muscle contraction headache.

This rule is shorter than the following rule given by medical
experts.

[Jolt Headache= no]
∧([Tenderness of M0= yes]
∨[Tenderness of M1= yes]
∨[Tenderness of M2= yes])

∧[Tenderness of B1= no]
∧[Tenderness of B2= no]
∧[Tenderness of B3= no]
∧[Tenderness of C1= no]
∧[Tenderness of C2= no]
∧[Tenderness of C3= no]
∧[Tenderness of C4= no]
→ muscle contraction headache

where [Tenderness of B1= no] and [Tenderness of C1=
no] are added.

These results suggest that conventional rule induction
methods do not reflect a mechanism of knowledge acqui-
sition of medical experts.

In this paper, the characteristics of experts’ rules are
closely examined and a new approach to extract plausible
rules is introduced, which consists of the following three
procedures. First, the characterization of each decision at-
tribute (a given class), a list of attribute-value pairs the sup-
porting set of which covers all the samples of the class, is
extracted from databases and the classes are classified into
several groups with respect to the characterization. Then,
two kinds of sub-rules, rules discriminating between each
group and rules classifying each class in the group are in-
duced. Finally, those two parts are integrated into one rule
for each decision attribute. The proposed method is evalu-
ated on medical databases, the experimental results of which
show that induced rules correctly represent experts’ decision
processes.

Background: Problems with Rule Induction
As shown in the introduction, rules acquired from medical
experts are much longer than those induced from databases
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the decision attributes of which are given by the same ex-
perts. This is because rule induction methods generally
search for shorter rules, compared with decision tree induc-
tion. In the case of decision tree induction, the induced trees
are sometimes too deep and in order for the trees to be learn-
ingful, pruning and examination by experts are required.
One of the main reasons why rules are short and decision
trees are sometimes long is that these patterns are generated
only by one criteria, such as high accuracy or high infor-
mation gain. The comparative study in this section suggests
that experts should acquire rules not only by one criteria but
by the usage of several measures. Those characteristics of
medical experts’ rules are fully examined not by comparing
between those rules for the same class, but by comparing
experts’ rules with those for another class. For example, a
classification rule for muscle contraction headache is given
by:

[Jolt Headache= no]
∧([Tenderness of M0= yes]
∨[Tenderness of M1= yes]
∨[Tenderness of M2= yes])

∧[Tenderness of B1= no]
∧[Tenderness of B2= no]
∧[Tenderness of B3= no]
∧[Tenderness of C1= no]
∧[Tenderness of C2= no]
∧[Tenderness of C3= no]
∧[Tenderness of C4= no]
→ muscle contraction headache

This rule is very similar to the following classification rule
for disease of cervical spine:

[Jolt Headache= no]
∧([Tenderness of M0= yes]
∨[Tenderness of M1= yes]
∨[Tenderness of M2= yes])

∧([Tenderness of B1= yes]
∨[Tenderness of B2= yes]
∨[Tenderness of B3= yes]
∨[Tenderness of C1= yes]
∨[Tenderness of C2= yes]
∨[Tenderness of C3= yes]
∨[Tenderness of C4= yes])

→ disease of cervical spine

The differences between these two rules are attribute-value
pairs, from tenderness of B1 to C4. Thus, these two rules
can be simplified into the following form:

a1 ∧A2 ∧ ¬A3 → muscle contraction headache

a1 ∧A2 ∧A3 → disease of cervical spine

The first two terms and the third one represent different
reasoning. The first and second terma1 andA2 are used
to differentiate muscle contraction headache and disease of
cervical spine from other diseases. The third termA3 is used
to make a differential diagnosis between these two diseases.
Thus, medical experts firstly selects several diagnostic can-
didates, which are very similar to each other, from many

Table 1: An Example of Database

age loc nat prod nau M1 class
1 50...59 occ per no no yes m.c.h.
2 40...49 who per no no yes m.c.h.
3 40...49 lat thr yes yes no migra
4 40...49 who thr yes yes no migra
5 40...49 who rad no no yes m.c.h.
6 50...59 who per no yes yes psycho
DEFINITIONS: loc: location, nat: nature, prod:
prodrome, nau: nausea, M1: tenderness of M1,
who: whole, occ: occular, lat: lateral, per:
persistent, thr: throbbing, rad: radiating,
m.c.h.: muscle contraction headache,
migra: migraine, psycho: psychological pain,

diseases and then make a final diagnosis from those candi-
dates. In the next section, a new approach for inducing the
above rules is introduced.

Rough Set Theory and Probabilistic Rules
Rough Set Notations
In the following sections, we use the following notations in-
troduced by Skowron and Grzymala-Busse(1994), which are
based on rough set theory(Pawlak, 1991). These notations
are illustrated by a small database shown in Table 1, collect-
ing the patients who complained of headache.

Let U denote a nonempty, finite set called the universe
and A denote a nonempty, finite set of attributes, i.e.,a :
U → Va for a ∈ A, whereVa is called the domain ofa,
respectively.Then, a decision table is defined as an informa-
tion system,A = (U,A ∪ {d}). For example, Table 1 is
an information system withU = {1, 2, 3, 4, 5, 6} andA =
{age, location, nature, prodrome, nausea, M1} andd =
class. For location ∈ A, Vlocation is defined as
{occular, lateral, whole}.

The atomic formulae overB ⊆ A∪{d} andV are expres-
sions of the form[a = v], called descriptors over B, where
a ∈ B and v ∈ Va. The setF (B, V ) of formulas over
B is the least set containing all atomic formulas overB and
closed with respect to disjunction, conjunction and negation.
For example,[location = occular] is a descriptor ofB.

For eachf ∈ F (B, V ), fA denote the meaning off in
A, i.e., the set of all objects in U with propertyf , defined
inductively as follows.

1. If f is of the form[a = v] then,fA = {s ∈ U |a(s) = v}
2. (f∧g)A = fA∩gA; (f∨g)A = fA∨gA; (¬f)A = U−fa

For example,f = [location = whole] and fA =
{2, 4, 5, 6}. As an example of a conjunctive formula,g =
[location = whole] ∧ [nausea = no] is a descriptor ofU
andfA is equal toglocation,nausea = {2, 5}.

By the use of the framework above, classification accu-
racy and coverage, or true positive rate is defined as follows.

Definition 1
Let R andD denote a formula inF (B, V ) and a set of ob-
jects which belong to a decisiond. Classification accuracy



and coverage(true positive rate) forR → d is defined as:

αR(D) =
|RA ∩D|
|RA| (= P (D|R)), and

κR(D) =
|RA ∩D|
|D| (= P (R|D)),

where|S|, αR(D), κR(D) and P(S) denote the cardinality
of a setS, a classification accuracy ofR as to classification
of D and coverage (a true positive rate ofR to D), and
probability of S, respectively.

In the above example, whenR and D are set to[nau =
1] and [class = migraine], αR(D) = 2/3 = 0.67 and
κR(D) = 2/2 = 1.0.

It is notable thatαR(D) measures the degree of the suffi-
ciency of a proposition,R → D, and thatκR(D) measures
the degree of its necessity. For example, ifαR(D) is equal
to 1.0, thenR → D is true. On the other hand, ifκR(D) is
equal to 1.0, thenD → R is true. Thus, if both measures are
1.0, thenR ↔ D.

Probabilistic Rules
According to the definitions, probabilistic rules with high
accuracy and coverage are defined as:

R
α,κ→ d s.t. R = ∨iRi = ∨ ∧j [aj = vk],

αRi(D) ≥ δα andκRi(D) ≥ δκ,

whereδα andδκ denote given thresholds for accuracy and
coverage, respectively. For the above example shown in Ta-
ble 1, probabilistic rules for m.c.h. are given as follows:

[M1 = yes] →m.c.h. α = 3/4 = 0.75, κ = 1.0,
[nau = no] →m.c.h. α = 3/3 = 1.0, κ = 1.0,

whereδα andδκ are set to 0.75 and 0.5, respectively.

Characterization Sets
In order to model medical reasoning, a statistical measure,
coverage plays an important role in modeling, which is a
conditional probability of a condition (R) under the decision
D(P(R—D)). Let us define a characterization set of D, de-
noted by L(D) as a set, each element of which is an elemen-
tary attribute-value pair R with coverage being larger than a
given threshold,δκ. That is,

Lδκ = {[ai = vj ]|κ[ai=vj ](D) ≥ δκ

Then, three types of relations between characterization sets
can be defined as follows:

Independent type: Lδκ(Di) ∩ Lδκ(Dj) = φ,
Boundary type: Lδκ(Di) ∩ L(Dj)δκ 6= φ, and
Positive type: Lδκ(Di) ⊆ Lδκ(Dj).

All three definitions correspond to the negative region,
boundary region, and positive region[4], respectively, if a set
of the whole elementary attribute-value pairs will be taken as
the universe of discourse. For the above example in Table 1,
let D1 andD2 be m.c.h. and migraine and let the threshold
of the coverage is larger than 0.6. Then, since

L0.6(m.c.h.) = {[age = 40− 49],
[location = whole],
[nature = persistent],
[prodrome = no],
[nausea = no], [M1 = yes]},

L0.6(migraine) = {[age = 40− 49],
[nature = throbbing],
[nausea = yes], [M1 = no]},

the relation between m.c.h. and migraine is bound-
ary type when the threshold is set to 0.6. Thus,
the factors that contribute to differential diagnosis be-
tween these two are:[location = whole], [nature =
persistent], [nature = throbbing], [prodrome =
no], [nausea = yes], [nausea = no], [M1 = yes], [M1 =
no]. In these pairs, three attributes: nausea and M1 are very
important. On the other hand, letD1 andD2 be m.c.h. and
psycho and let the threshold of the coverage is larger than
0.6. Then, since

L0.6(psycho) = {[age = 50− 59],
[location = whole],
[nature = persistent],
[prodrome = no],
[nausea = yes], [M1 = yes]},

the relation between m.c.h. and psycho is also boundary.
Thus, in the case of Table 1, age, nausea and M1 are very
important factors for differential diagnosis. This relation is
dependent on the value of the threshold. If the threshold is
set up to 1.0, the characterization sets are:

L1.0(m.c.h.) = {[prodrome = no],
[nausea = no],
[M1 = yes]},

L1.0(migraine) = {[age = 40− 49],
[nature = throbbing],
[nausea = yes],
[M1 = no]},

L1.0(psycho) = {[age = 50− 59],
[location = whole],
[nature = persistent],
[prodrome = no],
[nausea = yes],
[M1 = yes]},

Although their contents have been changed, the relations
among three diseases are still boundary and still age, nausea
and M1 are important factors. However, it is notable that the
differences between characterization are much clearer.

According to the rules acquired from medical experts,
medical differential diagnosis is a focusing mechanism:
first, medical experts focus on some general category of dis-
eases, such as vascular or muscular headache. After ex-
cluding the possibility of other categories, medical experts
proceed into the further differential diagnosis between dis-
eases within a general category. In this type of reasoning,
subcategory type of characterization is the most important
one. However, since medical knowledge has some degree
of uncertainty, boundary type with high overlapped region
may have to be treated like subcategory type. To check this
boundary type, we use rough inclusion measure defined be-
low.



Rough Inclusion
In order to measure the similarity between classes with re-
spect to characterization, we introduce a rough inclusion
measureµ, which is defined as follows.

µ(S, T ) =
|S ⋂

T |
|S| .

It is notable that ifS ⊆ T , thenµ(S, T ) = 1.0, which shows
that this relation extends subset and superset relations. This
measure is introduced by Polkowski and Skowron (1996) in
their study on rough mereology. Whereas rough mereology
firstly applies to distributed information systems, its essen-
tial idea is rough inclusion: Rough inclusion focuses on set-
inclusion to characterize a hierarchical structure based on a
relation between a subset and superset. Thus, application of
rough inclusion to capturing the relations between classes
is equivalent to constructing rough hierarchical structure be-
tween classes, which is also closely related with information
granulation proposed by Zadeh(1997). Let us illustrate how
this measure is applied to hierarchical rule induction by us-
ing Table 1. When the threshold for the coverage is set to
0.6,

µ(L0.6(m.c.h.), L0.6(migraine)) = 1
6

µ(L0.6(m.c.h.), L0.6(psycho)) = 4
6 = 2

3
µ(L0.6(migraine), L0.6(psycho)) = 1

4

These values show that the characterization set of m.c.h. is
closer to that of psycho than that of migraine. When the
threshold is set to 1.0,

µ(L1.0(m.c.h.), L1.0(migraine)) = 0
µ(L1.0(m.c.h.), L1.0(psycho)) = 2

3
µ(L1.0(migraine), L1.0(psycho)) = 1

4

These values also show that the characterization of m.c.h.
is closer to that of psycho. Therefore, if the threshold for
rough inclusion is set to 0.6, the characterization set of
m.c.h. is roughly included by that of psycho. On the other
hand, the characterization set of migraine is independent of
those of m.c.h. and psycho. Thus, the differential diagno-
sis process consists of two process: the first process should
discriminate between migraine and the group of m.c.h. and
psycho. Then, the second process discriminate between
m.c.h and psycho. This means that the discrimination rule of
m.c.h. is composed of (discrimination between migraine and
the group)+ (discrimination between m.c.h. and psycho). In
the case of L0.6, since the intersection of the characerization
set of m.c.h and psycho is{[location = whole], [nature =
persistent], [prodrome = no], [M1 = yes]}, and the dif-
ferences in attributes between this group and migraine is na-
ture, M1. So, one of the candidates of discrimination rule
is

[nature = throbbing] ∧ [M1 = no] → migraine

The second discrimination rule is derived from the differ-
ence between the characterizaton set of m.c.h. and psycho:
So, one of the candidate of the second discrimination rule is:
[age = 40 − 49] → m.c.h. or [nausea = no] → m.c.h.
Combining these two rules, we can obtain a diagnostic rule
for m.c.h as:

¬([nature = throbbing] ∧ [M1 = no])
∧[age = 40− 49] → m.c.h.

In the case when the threshold is set to 1.0, since the in-
tersection of the characerization set of m.c.h and psycho is
[prodrome = no], [M1 = yes], and the differences in at-
tributes between this group and migraine is M1. So, one
of the candidates of discrimination rule is[M1 = no] →
migraine. The second discrimination rule is derived from
the difference between the characterizaton set of m.c.h. and
psycho: So, one of the candidate of the second discrimina-
tion rule is:[nausea = no] → m.c.h. Combining these two
rules, we can obtain a diagnostic rule for m.c.h as:

¬([M1 = no]) ∧ [nausea = no] → m.c.h.

Rule Induction

Rule induction(Fig 1.) consists of the following three pro-
cedures. First, the characterization of each given class, a
list of attribute-value pairs the supporting set of which cov-
ers all the samples of the class, is extracted from databases
and the classes are classified into several groups with re-
spect to the characterization. Then, two kinds of sub-rules,
rules discriminating between each group and rules classify-
ing each class in the group are induced(Fig 2). Finally, those
two parts are integrated into one rule for each decision at-
tribute(Fig 3).1

Example

Let us illustrate how the introduced algorithm works by us-
ing a small database in Table 1. For simplicity, two thresh-
olds δα and δµ are set to 1.0, which means that only de-
terministic rules should be induced and that only subset and
superset relations should be considered for grouping classes.

After the first and second step, the following three sets
will be obtained: L(m.c.h.) = {[prod = no], [M1 =
yes]}, L(migra) = {[age = 40...49], [nat =
who], [prod = yes], [nau = yes], [M1 = no]}, and
L(psycho) = {[age = 50...59], [loc = who], [nat =
per], [prod = no], [nau = no], [M1 = yes]}.
Thus, since a relationL(psycho) ⊂ L(m.c.h.) holds
(i.e.,µ(L(m.c.h.), L(psycho)) = 1.0), a new decision at-
tribute isD1 = {m.c.h., psycho} andD2 = {migra}, and
a partitionP = {D1, D2} is obtained. From this partition,
two decision tables will be generated, as shown in Table 2
and Table 3 in the fifth step.

In the sixth step, classification rules forD1 andD2 are
induced from Table 2. For example, the following rules are
obtained forD1.

1This method is an extension of PRIMEROSE4 reported in
(Tsumoto, 1998b). In the former paper, only rigid set-inclusion
relations are considered for grouping; on the other hand, rough-
inclusion relations are introduced in this approach. Recent empiri-
cal comparison between set-inclusion method and rough-inclusion
method shows that the latter approach outperforms the former one.



procedureRule Induction (Total Process);
var

i : integer; M, L,R : List;
LD : List; /* A list of all classes */

begin
CalculateαR(Di) andκR(Di)
for each elementary relationR and each classDi;
Make a listL(Di) = {R|κR(D) = 1.0})
for each classDi;
while (LD 6= φ) do

begin
Di := first(LD); M := LD −Di;
while (M 6= φ) do

begin
Dj := first(M);

if (µ(L(Dj), L(Di)) ≤ δµ)
then L2(Di) := L2(Di) + {Dj};

M := M −Dj ;
end

Make a new decision attributeD′
i for L2(Di);

LD := LD −Di;
end
Construct a new table (T2(Di))for L2(Di).
Construct a new table(T (D′

i))
for each decision attributeD′

i;
Induce classification rulesR2 for eachL2(D);
/* Fig.2 */
Store Rules into a ListR(D)
Induce classification rulesRd

for eachD′ in T (D′);/* Fig.2 */
Store Rules into a ListR(D′)(= R(L2(Di)))

IntegrateR2 andRd into a ruleRD; /* Fig.3 */
end{Rule Induction };

Figure 1: An Algorithm for Rule Induction

[M1 = yes] → D1 α = 1.0, κ = 1.0,
supported by{1,2,5,6}

[prod = no] → D1 α = 1.0, κ = 1.0,
supported by{1,2,5,6}

[nau = no] → D1 α = 1.0, κ = 0.75,
supported by{1,2,5}

[nat = per] → D1 α = 1.0, κ = 0.75,
supported by{1,2,6}

[loc = who] → D1 α = 1.0, κ = 0.75,
supported by{2,5,6}

[age = 50...59] → D1 α = 1.0, κ = 0.5,
supported by{2,6}

In the seventh step, classification rules form.c.h. and
psycho are induced from Table 3. For example, the follow-
ing rules are obtained fromm.c.h..

[nau = no] →m.c.h. α = 1.0, κ = 1.0,
supported by{1,2,5}

[age = 40...49] →m.c.h. α = 1.0, κ = 0.67,
supported by{2,5}

In the eighth step, these two kinds of rules are inte-
grated in the following way. Rule[M1 = yes] → D1,

procedure Induction of Classification Rules;
var

i : integer; M,Li : List;
begin

L1 := Ler; /* Ler: List of Elementary Relations */
i := 1; M := {};
for i := 1 to n do /* n: Total number of attributes */

begin
while ( Li 6= {} ) do

begin
Select one pairR = ∧[ai = vj ] from Li;
Li := Li − {R};
if (αR(D) ≥ δα) and (κR(D) ≥ δκ)

then doSir := Sir + {R};
/* IncludeR as Inclusive Rule */

elseM := M + {R};
end

Li+1 := (A list of the whole combination of
the conjunction formulae inM );

end
end{Induction of Classification Rules };

Figure 2: An Algorithm for Classification Rules

Table 2: A Table for a New PartitionP
age loc nat prod nau M1 class

1 50...59 occ per 0 0 1 D1

2 40...49 who per 0 0 1 D1

3 40...49 lat thr 1 1 0 D2

4 40...49 who thr 1 1 0 D2

5 40...49 who rad 0 0 1 D1

6 50...59 who per 0 1 1 D1

[nau = no] → m.c.h. and[age = 40...49] → m.c.h. have
a supporting set which is a subset of{1,2,5,6}. Thus, the
following rules are obtained:

[M1 = yes] & [nau=no]→m.c.h.
α = 1.0, κ = 1.0, supported by{1,2,5}
[M1 = yes] & [age=40...49]→m.c.h.
α = 1.0, κ = 0.67, supported by{2,5}

Experimental Results

The above rule induction algorithm is implemented in
PRIMEROSE4.5 (Probabilistic Rule Induction Method

Table 3: A Table forD1

age loc nat prod nau M1 class
1 50...59 occ per 0 0 1 m.c.h.
2 40...49 who per 0 0 1 m.c.h.
5 40...49 who rad 0 0 1 m.c.h.
6 50...59 who per 0 1 1 psycho



procedureRule Integration;
var

i : integer; M, L2 : List;
R(Di) : List; /* A list of rules for Di */
LD : List; /* A list of all classes */

begin
while(LD 6= φ) do

begin
Di := first(LD); M := L2(Di);
Select one ruleR′ → D′

i from R(L2(Di)).
while (M 6= φ) do

begin
Dj := first(M);

Select one ruleR → dj for Dj ;
Integrate two rules:R ∧R′ → dj .

M := M − {Dj};
end

LD := LD −Di;
end

end{Rule Combination}

Figure 3: An Algorithm for Rule Integration

based on Rough Sets Ver 4.5),2 and was applied to
databases on differential diagnosis of headache, whose train-
ing samples consist of 1477 samples, 20 classes and 20 at-
tributes.

This system was compared with PRIMEROSE4,
PRIMEROSE, C4.5, CN2 (Clark,1989), AQ15 andk-NN
(Aha, 1991)3 with respect to the following points: length of
rules, similarities between induced rules and expert’s rules
and performance of rules.

In this experiment, length was measured by the number
of attribute-value pairs used in an induced rule and Jaccard’s
coefficient was adopted as a similarity measure (Everitt,
1996). Concerning the performance of rules, ten-fold cross-
validation was applied to estimate classification accuracy.

Table 4 shows the experimental results, which suggest that
PRIMEROSE4.5 outperforms PRIMEROSE4(set-inclusion
approach) and the other four rule induction methods and in-
duces rules very similar to medical experts’ ones.

Discussion
Focusing Mechanism
One of the most interesting features in medical reasoning
is that medical experts make a differential diagnosis based
on focusing mechanisms: with several inputs, they elumi-
nate some candidates and proceed into further steps. In this
elimination, our empirical results suggest that grouping of
diseases are very important to realize automated acquisi-
tion of medical knowledge from clinical databases. Readers
may say that conceptual clustering or nearest neighborhood

2The program is implemented by using SWI-prolog(1995) on
Sparc Station 20.

3The most optimalk for each domain is attached to Table 4.

methods(k-NN) will be useful for grouping. However, those
two methods are based on classification accuracy, that is,
they induce grouping of diseases, whose rules are of high
accuracy. Their weak point is that they do not reflect medi-
cal reasoning: focusing mechanisms of medical experts are
chiefly based not on classification accuracy, but on coverage.

Thus, we focus on the role of coverage in focusing mech-
anisms and propose an algorithm on grouping of diseases by
using this measure. The above experiments show that rule
induction with this grouping generates rules, which are sim-
ilar to medical experts’ rules and they suggest that our pro-
posed method should capture medical experts’ reasoning.

Precision for Probabilistic Rules
In the above experiments, the thresholdsδα andδκ for se-
lection of inclusive rules were set to 0.75 and 0.5, respec-
tively. Although this precision contributes to the reduc-
tion of computational complexity, this methodology, which
gives a threshold in a static way, causes a serious prob-
lem. For example, there exists a case when the accuracy
for the first, the second, and the third candidate is 0.5,
0.49, and 0.01, whereas accuracy for other classes is almost
equal to 0. Formally, provided an attribute-value pair,R,
the following equations hold:αR(D1) = 0.5, αR(D2) =
0.49, αR(D3) = 0.01, andαR(Di) ≈ 0(i = 4, · · · , 10).
Then, both of the first and the second candidates should be
suspected because those accuracies are very close, compared
with the accuracy for the third and other classes. However,
if a threshold is statically set to 0.5, then this pair is not
included in positive rules forD2. In this way, a threshold
should be determined dynamically for each attribute-value
pair. In the above example, an attribute-value pair should be
included in positive rules ofD1 andD2.

From discussion with domain experts, it is found that this
type of reasoning is very natural, which may contribute to
the differences between induced rules and the ones acquired
from medical experts. Thus, even in a learning algorithm,
comparison between the whole given classes should be in-
cluded in order to realize more plausible reasoning strategy.

Unfortunately, since the proposed algorithm runs for each
disease independently, the above type of reasoning cannot
be incorporated in a natural manner, which causes compu-
tational complexity to be higher. It is our future work to
develop such interacting process in the learning algorithm.

Generality of the Proposed Method
One major character of medical reasoning is that medical
experts finally select one or two diagnostic candidates from
many diseases, called focusing mechanism. For example, in
differential diagnosis of headache, experts choose one from
about 60 diseases. The proposed method models induction
of rules which incorporates this mechanism, whose exper-
imental evaluation show that induced rules correctly repre-
sent medical experts’ rules.

This focusing mechanism is not only specific to medical
domain. In a domain in which a few diagnostic conclusions
should be selected from many candiates, this mechanism
can be applied. For example, fault diagnosis of complicated
electronic devices should focus on which components will



Table 4: Experimental Results

Method Length Similarity Accuracy
Headache

PRIMEROSE4.5 8.8± 0.27 0.95± 0.08 95.2± 2.7%
PRIMEROSE4.0 8.6± 0.27 0.93± 0.08 93.3± 2.7%
Experts 9.1± 0.33 1.00± 0.00 98.0± 1.9%
PRIMEROSE 5.3± 0.35 0.54± 0.05 88.3± 3.6%
C4.5 4.9± 0.39 0.53± 0.10 85.8± 1.9%
CN2 4.8± 0.34 0.51± 0.08 87.0± 3.1%
AQ15 4.7± 0.35 0.51± 0.09 86.2± 2.9%
k-NN (7) 6.7± 0.25 0.61± 0.09 88.2± 1.5%
k-NN (i) shows the value ofi which gives the highest performance ink (1 ≤ k ≤ 20).

cause a functional problem: the more complicated devices
are, the more sophisticated focusing mechanism is required.
In such domain, proposed rule induction method will be use-
ful to induce correct rules from datasets.

Conclusion
In this paper, the characteristics of experts’ rules are closely
examined, whose empirical results suggest that grouping of
diseases are very important to realize automated acquisi-
tion of medical knowledge from clinical databases. Thus,
we focus on the role of coverage in focusing mechanisms
and propose an algorithm on grouping of diseases by using
this measure. The above experiments show that rule induc-
tion with this grouping generates rules, which are similar
to medical experts’ rules and they suggest that our proposed
method should capture medical experts’ reasoning. The pro-
posed method was evaluated on three medical databases, the
experimental results of which show that induced rules cor-
rectly represent experts’ decision processes.
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