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Abstract: Over the years, one of the challenges of a rule based expert system is
the possibility of evolving a compact and consistent knowledge-base with a fewer
numbers of rules that are relevant to the application domain, in order to enhance
the comprehensibility of the expert system. In this paper, the hybrid of fuzzy
rule mining interestingness measures and fuzzy expert system is exploited as a
means of solving the problem of unwieldiness and maintenance complication in
the rule based expert system. This negatively increases the knowledge-base space
complexity and reduces rule access rate which impedes system response time. To
validate this concept, the Coronary Heart Disease risk ratio determination is used
as the case study. Results of fuzzy expert system with a fewer numbers of rules and
fuzzy expert system with a large numbers of rules are presented for comparison.
Moreover, the effect of fuzzy linguistic variable risk ratio is investigated. This
makes the expert system recommendation close to human perception.
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1. Introduction

Expert system (ES) is an intelligent computer program that uses knowledge and
inference procedures to solve problems that are difficult enough to require signifi-
cant human expertise for their solutions [1], [2], [3]. There are different approaches
into modeling expert systems: the rule based approach, black-board system ap-
proach, frame-based approach, open-based expert architecture and object-oriented
approach [4]. However, all these approaches have their limitations.

The rule based expert systems collect the small fragments of human knowledge
into a knowledge-base in the form of if -then rules that are used to reason through
a problem, using appropriate knowledge [5]. An important advantage here is that
within the domain of the knowledge-base, a different problem can be solved using
the same program without re-programming efforts [5]. Rule based expert systems
are easy to formulate; they emulate human cognitive process and decision-making
ability; and finally, they represent knowledge in a structured homogeneous and
modular way. However, there are several limitations of these systems. These limi-
tations include large numbers of rules in the knowledge base that causes the system
to become unwieldy because of the presence of rules that might not be relevant to
the application domain. This inevitably complicates maintenance especially in the
case of subtle updates [6]. Medical domain diseases are attached to different ranges
of data, for instance, a disease like coronary heart disease might be common to a
certain range of blood pressure measurement, and including a rule outside this
range might amount to a redundant rule. The presence of such a rule in an expert
system’s knowledge base causes the system to become unwieldy and reduces the
compactness of the expert system [11] which ultimately increases the expert system
memory space, complicates the system maintenance, and reduces rule access rate
which impedes system response time. For this reason, this paper adopts a hybrid
approach that combines, fuzzy rule mining expert driven approach and fuzzy ex-
pert system. This isolates interesting rules based on the expert knowledge in the
application domain. Ultimately this leads to reduction in the number of rules in
the knowledge-base in order to reduce the system space complexity, accelerates the
system response time, and simplifies the systems maintenance.

A fuzzy expert system (FES) is an expert system that consists of fuzzification,
inference, knowledge-base, and defuzzification subsystems. It uses a collection of
fuzzy membership functions and rules instead of Boolean logic to reason about
data in the inference mechanism [7]. Fuzzy if -then rules and fuzzy reasoning are
the backbone of fuzzy expert systems, which are the most important modelling
tools based on fuzzy set theory. In literature, different approaches have been used
to generate fuzzy rule base [8,9,10,11,12,13,14]. For instance, to formulate classi-
cal rule-base, the input space is divided into multidimensional portions and then
actions are assigned to each of the portions. The standard structure of a fuzzy
system is such that given M dimensions where each dimension is partitioned into N
subspaces and where there are up to NM rules in the fuzzy system [11]. The larger
the N, the larger the number of rules and, according to Phayung [15], if all the
possible rules are used, then the system would not be compact because of the re-
dundant rules. This has three negative effects on expert systems: 1) it increases the
knowledge-base memory usage, since extra space is needed to store the redundant
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rules; 2) the existent of large number of rules reduces the rule access rate which
ultimately slows down the response time of the ES; 3) it make the knowledge-base
unwieldy which complicates the system maintenance. Hence, the motivation for
this paper is the need to reduce the number of rules in the rule-base in other to
enhance the compactness of a rule based expert system.

The remaining part of this paper is organized as follows: Section 2 reviews
related research works in the area of fuzzy experts systems, section 3 presents
our proposed methodology and elucidates on the methodology for carrying out
the objectives, and section 4 reports the experimental design and analysis of the
results obtained. The paper is concluded in section 5 with an indication of our
future research direction.

2. Related Research

2.1 Rule Based Expert System

Recently, the introduction of expert system in the field of medicine in areas such
as, diagnosis, treatment of illnesses, and determination of risk has highly increased
in spite of very high complexity and uncertainty in this field. In [17], classification
based data mining technique was used on a medical data set of diabetic patients for
diagnosis. In their approach, the rule-base was generated from the classification
process which is basically determined by the data and not reflecting the expert
knowledge. In [18], a hybrid fuzzy-neural based medical diagnosis system was pro-
posed. The system was not concerned with how to calculate the best membership
function for each fuzzy data that also has effect on the accuracy of the system. In
addition to that, many medical diagnosis systems and risk deterministic systems
have been implemented with classical fuzzy rule formulation. In [19], a fuzzy ex-
pert system for diagnosis of prostate cancer was designed and in [20] a fuzzy expert
system for determination of Coronary Heart Disease (CHD) risk ratio was designed
to determine the patient risk ratio over ten years. In their work, four determinant
factors were considered to determine the risk ratio: age, cholesterol, high density of
lipoprotein cholesterol and blood pressure. Based on the determinant factors and
the fuzzy sets (subspaces), 108 rules were evolved for the rule-base, and according
to Phayung, if all possible rules are considered, then the system tends to become
less compact, unwieldy and complicates the system maintenance especially in the
case of subtle updates [15].

Our approach seeks to solve the problem of unwieldiness in a rule based expert
system by adopting a hybrid methodology that combines the fuzzy rule mining
interestingness measures and fuzzy expert system. The objectives of this approach
is to eliminate redundant rules in the expert system in order to reduce the ES
space complexity, increase rule access rate, accelerate the system response time
and simplify system maintenance. To validate this approach, the determination of
the risk ratio for Coronary Heart Disease (CHD is used as the case study.

437



Neural Network World 5/13, 435-450

2.2 Fuzzy Database

A fuzzy database D = {t1, t2, · · · , tn} where ti represents the ith record in D.
Given I = {i1, i2, · · · , im} where ij represents the j

th attributes in D. I, is called an
itemset since it contains a set of items. Then, ∀ ik ∃ several fuzzy sets Fik associated
with ik and f j

ik
represent the jth fuzzy set inFik . For example, if attribute Age has

three fuzzy sets; Young, Middle and Old, we will have

FAge = {YoungAge, MiddleAge, OldAge}.

The fuzzy set and the corresponding membership functions are to be provided
by the domain expert [20]. Table 1a is a database instance from Coronary Heart
Disease (CHD) patient quantitative record: Age; years and Cholesterol; mg/dL.
Table 1b is a database instance from Coronary heart disease patient fuzzified record.

Given a database D with attribute I, and those fuzzy sets Fik associated with
attributes in I, we can evolve fuzzy if -then rule such as

if X is A then Y is B

In the above rule X and Y are ordered subsets of I and are disjoint, which means
that they share no common attribute. A is a fuzzy set in X and B is a fuzzy set in
Y. “X is A” is the rule antecedent and “Y is B” is the rule consequent. An itemset
⟨X, A⟩ is said to be frequent if its support value satisfied the minimum support
threshold. The frequent itemset obtained ⟨Z, C⟩ is used to generate all possible
rules.

Age Cholesterol Risk
t1 30 180 0
t2 35 190 0
t3 48 260 8
t4 57 300 8
t5 65 250 18

(a)
Age Cholesterol Risk

Young Middle Old Low Normal High Very Low Normal High Very
Low High

t1 1.00 0.00 0.00 0.50 0.50 0.00 1.00 0.00 0.00 0.00 0.00

t2 0.50 0.50 0.00 0.25 0.75 0.00 1.00 0.00 0.00 0.00 0.00

t3 0.00 1.00 0.00 0.00 0.50 0.50 0.00 0.70 0.30 0.00 0.00

t4 0.00 0.65 0.35 0.00 0.00 1.00 0.00 0.70 0.30 0.00 0.00

t5 0.00 0.25 0.75 0.00 0.75 0.25 0.00 0.00 0.70 0.30 0.00

(b)

Tab. I An instance of CHD patient fuzzified record.

If the union of antecedent ⟨X, A⟩ and consequent ⟨Y, B⟩ has sufficient support
and the rule has high confidence, then, the rule is said to be interesting. According
to Gyenesei [21], the term rule support and rule confidence are defined thus:
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i) The fuzzy support value is calculated by the summation of all votes of each
record with respect to the specified itemset. Then, it is divided by the total number
of records. Each record contributes a vote which falls in [0,1]. The fuzzy support
of itemset ⟨X,A⟩ in transaction set D is

Support =
Sumof votes satisfying ⟨X,A⟩

Number of records inD
(1)

FS⟨X,A⟩ =
1

|D|
∑
ti∈D

∏
xj∈X

dxj
(aj , ti, xj) (2)

In calculating the vote of ti other operator other than
∏

(mul) can be used e.g.
min, max. The support value does not only reflect the number of records supporting
the itemset, but also indicates the degree of relevance in the application domain.

ii) The fuzzy confidence value of a rule is given as follows:

Confidence =
Sumof votes satisfying ⟨Z,C⟩
Sumof votes satisfying ⟨X,A⟩

(3)

FC⟨⟨X,A⟩,⟨Z,C⟩⟩ =

1

|D|
∑
ti∈D

∏
zj∈Z

dzj (cj , ti, zj)

1

|D|
∑
ti∈D

∏
xj∈X

dxj (aj , ti, xj)
= (4)

=

∑
ti∈D

∏
zj∈Z

dzj (cj , ti, zj)∑
ti∈D

∏
xj∈X

dxj (aj , ti, xj)
(5)

where Z = X ∪ Y ,C = A ∪B.

Example 1: This example illustrate the calculation of the fuzzy support value
and the fuzzy confidence value for the fuzzified database shown in Tab. I(b).

Let X = {Age, Cholesterol}, A = {YoungAge, LowCholesterol} and
Y = {CHDRisk}, B = {VeryLowRisk}.
The support of itemset ⟨X, A⟩ is

FS⟨X,A⟩ =
0.5 + 0.125 + 0 + 0 + 0

5
= 0.625

The fuzzy confidence value of the rule, “If Age is young and Cholesterol is Low
then CHDRisk is Low” is as follows.

FC⟨⟨X,A⟩,⟨Y,B⟩⟩ =
0.5 + 0.125 + 0 + 0 + 0

0.5 + 0.125 + 0 + 0 + 0
= 1

The result, indicate that to a degree of 0.625, the rule is relevant within this domain
and the confidence is 1.
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3. Proposed Methodology

The proposed methodology consists of two phases: the interesting rule mining phase
and fuzzy expert system design phase. The first phase consists of 5 steps. In step 1,
the existing data is collected and stored as the fact-base. The CHD risk determinant
factors are identified to compose a fact-base. In step 2, membership expressions
for the input variables and the output variable are modeled, while fuzzy rules are
generated based on the input variables dimension and their subspaces. In step 3
and step 4, the quantitative attributes values in the fact-base are transformed into
a fuzzy database using the membership expressions modelled in step 2. Finally, in
step 5, relevant fuzzy rules are extracted from rules generated in step 3 in the form
of if -then rules based on the interestingness measures of support and confidence.
These interesting fuzzy rules are later used to compose the rule-base for the fuzzy
expert system design phase. Notice that step 2 and 3 can be executed independently
in parallel. Fig. 1 shows an activity workflow of the proposed methodology.

3.1 Data Collection & Identification of Determinant Factors

Data was collected from an on-line database and from literature for non-smoking
men and women based on their CHD determinant factors and their risk ratio to
compose the fact-base. Determination of CHD risk ratio over a period of years
depends on various items such as weight, smoking, sex, disease history of patients,
family genetic factors, blood sedimentation, etc. [20]. In this study, we assume that
age, year, cholesterol level, mg/dL, high density lipoprotein cholesterol, mg/dL
(HDL-C) and systolic blood pressure level, and mm/Hg essentially determine the
CHD risk ratio for the next 10 years [20].

3.2 Fuzzy Interval Partitioning

As it is well known, real world medical knowledge is often characterized by inac-
curacy. Medical terms do not usually have a clear-cut interpretation. Fuzzy logic
makes it possible to define inexact medical entities via fuzzy sets [23]. In the last
decades, a number of hybrid techniques based on fuzzy sets and rules have appeared
and been applied to medical systems [24, 25]. One of the reasons is that fuzzy logic
provides capabilities for approximate reasoning, i.e., reasoning with inaccurate (or
fuzzy) values expressed as linguistic terms, and allows for overlapping of element
within the neighboring linguistic terms, which in turn prevents over estimation of
boundary values [5]. In the application domain of CHD, the input linguistic vari-
ables are: age, cholesterol, HDL-C, blood pressure, and output linguistic variable
in CHD risk ratio. The linguistic variables are partitioned according to expert
doctors’ analysis. Tab. II shows the linguistic variables and their fuzzy sets.

The trapezoidal membership function is used for the fuzzy sets membership
calibration because of its support for the fuzzy sets data ranges. For instance, age
is partitioned into YoungAge, MiddleAge and OldAge as the linguistic values such
that ∀x ∈ Age, the fuzzy membership models and the graph are shown below in
equation (6) and Fig 2. respectively.
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µyoungAge(x) =

{
1 x ≤ 20

40−x
20 20 ≤ x ≤ 40

}

µmiddleAge(x) =


(x−20)

20 20 ≤ x ≤ 40
140 ≤ x ≤ 50

(60−x)
10 50 ≤ x ≤ 60


µoldAge(x) =

{
(x−50)

10 50 < x ≤ 60
1 60 ≤ x ≥ 70

}
. . . (6)

For other determinant factors the linguistic expressions are similarly determined.

Fig. 1 Partitioned activity workflow of the proposed methodology.
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Linguistic variable Fuzzy set Domain
Age YoungAge, MiddleAge, OldAge Input
Cholesterol Low, Normal, High Input
HDL-C Low, Middle, High Input
Blood Pressure Low, Middle, High, Very High Input
CHD risk ration Very Low, Low, Middle, High, Very high Output

Tab. II Linguistic terms for membership function in fuzzy model.

Fig. 2 Membership function for input variable “Age” years.

3.3 Construction of the Fuzzy Rules

Fuzzy expert systems make decision and generate output values based on knowledge
provided by the designer in the form of IF {condition} THEN{action} rules. The
rule-base specifies qualitatively how the output of the system; “CHD Risk Ratio” is
determined for various instances of the input variables of Age, Cholesterol, HDL-C
and Blood pressure. If the standard structure of constructing a rule-base is to be
followed for this experiment based on the 4 dimensions input variables and their
subspace, we would have 108 rules for the fuzzy expert system rule-base as done in
[20]. A sample of the rule-base structure is shown in Tab. III.

3.4 Fuzzification Process and Rule Interestingness

In fuzzification process, the crisp input values from the fact-base are converted to
membership degrees (fuzzy values). The fuzzied fact-base is used to determine the
support and confidence for each rule in other to determine the interestingness of
each rule. A rule is interesting if it has sufficient support and a high confidence
value. Rule support and confidence indicate the relevance of the rule to the ap-
plication domain. The rule support and confidence is calculated according to a
method proposed by Gyenesei [21]. From example 1:

If (Age is YoungAge) and (Cholesterol is Low) and (HDL-C is High) and (Blood Pres-
sure is High) then (CHD Risk is VeryLow) it gives 0.01 support and 1.00 confidence
with product operator,

0.02 support and 1.00 confidence with min operator, and
0.66 support and 1.04 confidence with max operator
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Rule Rule
No.

1 OldAge,HighCholesterol,HighHDLC,MiddleBloodPressure->MiddleRisk

2 OldAge,HighCholesterol,HighHDLC,HighBloodPressure->MiddleRisk

6 YoungAge,LowCholesterol,LowHDLC,HighBloodPressure->VeryLowRisk

10 YoungAge,NormalCholesterol,LowHDLC,HighBloodPressure->VeryLowRisk

18 MiddleAge,LowCholesterol,LowHDLC,HighBloodPressure->LowRisk

21 MiddleAge,NormalCholesterol,LowHDLC,MiddleBloodPressure->LowRisk

24 MiddleAge,HighCholesterol,LowHDLC,LowBloodPressure->MiddleRisk

25 MiddleAge,HighCholesterol,LowHDLC,MiddleBloodPressure->MiddleRisk

27 MiddleAge,HighCholesterol,LowHDLC,VeryHighBloodPressure->VeryHighRisk

30 OldAge,LowCholesterol,LowHDLC,HighBloodPressure->VeryHighRisk

– –

– –

– –

96 MiddleAge,HighCholesterol,HighHDLC,LowBloodPressure->LowRisk

106 OldAge,NormalCholesterol,HighHDLC,HighBloodPressure->MiddleRisk

108 OldAge,HighCholesterol,HighHDLC,LowBloodPressure->LowRisk

Tab. III Rule-base structure.

This rule is said to be interesting if the minimum support is 0.01 and minimum
confidence is 0.5 i.e. the rule is relevant in modelling a fuzzy expert system to
determine CHD risk ratio in medical domain.

3.5 Development of a Fuzzy Expert System with Interesting
Rules

Reasoning in a fuzzy expert system includes three stages: fuzzification, inference,
defuzzification. In fuzzification, the crisp input values (from the fact-base) are
converted to membership degrees (fuzzy values). In the inference stage, the MIN
method operator is used for the combination of a rule’s conditions, to produce the
membership value of the conclusion, and the MAX method operator is used to
combine the conclusions of the rules. In defuzzification, the centroid method is
used to convert a fuzzy output to a crisp value [5].

4. Experimentation Design

Phase 1: Mining of Interesting Rule

A program was written in C# programming language to determine the interest-
ingness of the rules. A pilot implementation of the proposed methodology was
undertaken using SQL server 2005 as the database management system for data
storage. To determine each rule interestingness, the minimum support and mini-
mum confidence values were varied to observe their effect on the rule base, which in
turn determines the compactness and accuracy of the proposed methodology. Fig. 3
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shows the snapshot of the interface for mining interesting rules as implemented by
C# programming language implementation for mining interesting rules. Tab. IV
presents the interesting rules with 0.01 minimum support value and 0.5 minimum
confidence value.

Fig. 3 Snapshot of C# implementation to determine rule interestingness.

Phase 2: Fuzzy Expert System Design

The MatlabTM fuzzy logic toolbox is used to simulate the fuzzy expert system using
the Mandani fuzzy inference. The Trapezoidal membership function (trapmf) is
chosen to model membership function for the input variables (Age, Cholesterol,
HDL-C and Blood pressure) fuzzy set; and output variable; CHD risk ratio. The
rule view for the fuzzy expert system is shown in Fig. 4.

5. System Evaluation

To evaluate the proposed methodology, cases of 20 non-smoking men, whose CHD
risk ratio has been successfully determined by Adult Treatment panel (ATP III),
were used [20]. Two fuzzy expert systems were simulated: one with all possible
number of rules (108 rules), and the other with interesting rules (39 rules) where
support value is 0.01 and confidence value is 0.5. The two fuzzy expert systems were
based on the same membership function, fuzzy inference engine and defuzzification
method. The outputs from the systems were reported in crisp value and fuzzy
linguistic value. The result showing the patient lab test record, ATP III risk ratio,
FES with 108 rules and FES with 39 rules risk ratio and the linguistic values is
presented in Tab. V.
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S/n Rule Rule Support Confi-
No. dence

1 1 OldAge,HighCholesterol,HighHDLC,MiddleBloodPressure-
>MiddleRisk

0.02 0.91

2 2 OldAge,HighCholesterol,HighHDLC,HighBloodPressure-
>MiddleRisk

0.01 1

3 6 YoungAge,LowCholesterol,LowHDLC,HighBloodPressure-
>VeryLowRisk

0.01 1

4 10 YoungAge,NormalCholesterol,LowHDLC,HighBloodPressure-
>VeryLowRisk

0.01 1

5 18 MiddleAge,LowCholesterol,LowHDLC,HighBloodPressure-
>LowRisk

0.02 0.57

6 21 MiddleAge,NormalCholesterol,LowHDLC,MiddleBloodPressure-
>LowRisk

0.03 1

7 24 MiddleAge,HighCholesterol,LowHDLC,LowBloodPressure-
>MiddleRisk

0.02 0.91

8 25 MiddleAge,HighCholesterol,LowHDLC,MiddleBloodPressure-
>MiddleRisk

0.03 0.64

9 27 MiddleAge,HighCholesterol,LowHDLC,VeryHighBloodPressure-
>VeryHighRisk

0.02 1

10 30 OldAge,LowCholesterol,LowHDLC,HighBloodPressure-
>VeryHighRisk

0.02 0.67

- – – – –
- – – – –
- – – – –
37 96 MiddleAge,HighCholesterol,HighHDLC,LowBloodPressure-

>LowRisk
0.03 1

38 106 OldAge,NormalCholesterol,HighHDLC,HighBloodPressure-
>MiddleRisk

0.02 1

39 108 OldAge,HighCholesterol,HighHDLC,LowBloodPressure-
>LowRisk

0.02 1

Tab. IV Interesting rules at 0.01 min support and 0.5 min confidence.

Fig. 4 FES CHD risk indices for a patient record.
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5.1 Result Analysis on Compactness and Accuracy

According to Phayung [15] fuzzy expert system compactness relates to three as-
pects: a small number of linguistic terms in each dimension, a small number of
fuzzy rules in the rule base, and a small number of conditions in the rule premise
or antecedent part. From the result obtained (see Tab. V), the FES with interest-
ing rule is more compact compared to the FES with all possible rules. Although
they have the same number of linguistic term, and number of conditions in their
premise, the later has 108 rules while the former has 39 rules, which makes the
expert system more compact. The outputs (CHD risk ratio) from both systems
are not significantly different. Moreover, considering the fuzzy linguistic value for
the CHD risk ratio, the similarity in the output is up to 90%. Comparing the
two results with ATP III, the former has 80% accuracy while the later has 70%
accuracy. With these observations, it is evident that a fuzzy expert system could
perform more accurately even when few interesting rules are considered. This pre-
vents unwieldiness of the rule-base, and maintenance complication which amplified
memory usage and reduces rules accessing rate of the FES. A graphical overview
of the analysis is shown with the charts in Figs. 5 and 6.

In Fig. 6, the linguistic values for CHD % risk: VeryLow, Low, Middle, High
and VeryHigh, are represented with 1,2,3,4,5, respectively. The graph shows that
in many instances the risk ratios fall under the same linguistic value.

6. Conclusion

In this paper, we proposed a fuzzy-mining expert system that introduces interest-
ingness measure of support and confidence into a rule-base fuzzy expert system to
enhance the compactness of a fuzzy expert system. The viability of the proposed
methodology is confirmed by designing a fuzzy expert system for determining CHD
risk ratio for non-smoking men. The result from the experiment reveals that the

Fig. 5 ATP III, FES (108 rules) and FES (39 rules) risk ratio diagramatic
representation.
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Fig. 6 The CHD risk ratio diagramatic representation.

new approach has the potential to reduce the rule base by 63% and still produces
a resonable result of 90% accuracy. With these observations, it is evident that a
fuzzy expert system could perform more accurately even when few interesting rules
are considered. This will solve the problem of unwieldiness and maintenance com-
plication of a rule-base FES, which negatively amplifies memory usage requirement
of the system, reduces the rule access rate and maintenance complication. In the
future, the effectiveness of other soft computing techniques like genetic algorithm
and rough sets for rule optimization in FES would be investigated.
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