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Use of data mining techniquesin hospital-based disease dataset analysis:
diabetes as an example
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ABSTRACT

Background: Most of the information
related to out-patients and in-patients are
digitalized in most hospital in Taiwan.
Nevertheless, these routinely collected huge
data had not been fully used to provide useful

information for disease management purpose.

1 92 7 31

Objective: To explore the feasibility of using
OLAP (On-Line Analytical Processing) and
Data Mining techniques devel oped by
information engineering field on hospital
diabetes-related disease dataset to provide
useful information for disease management.
Method: All out-patients related data during
the year 1998 through 2003 were collected
for this study. Wefirst linked different
routine recorded data setsto establish a
diabetic database as the basic workstation for
this study. Second, the data cleaning
procedure was processed. Third, we
established a object-oriented data
warehousing which involved several data
integration, transformation, computing and
summarization. Forth, we established a
OLAP model. Fifth, we compared different
data mining techniques to find the best
classification model.

Conclusions: As disease management,
OLAP and data mining were all very newly
developed concept and techniquesin
healthcare fields. The research team spent a
lot of timein try and errors and narrow down
the questions and then caught some points.
We highly believed that there will be alot of
potential in this combination.

Keywords: disease management, diabetes

mellitus, OLAP, data mining, health
informatics
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Abstract

For a fuzzy rule-based classification
system, it is critical to establishing fuzzy
rules and to determining fuzzy partition
area in order to accurately classify the
training pattern. In  this paper, an
evolutionary design method for fuzzy
rule-based classifier is proposed. Flexible
trapezoid membership functions are used
to generate accurate grid partition of
feature space. The membership functions
and rule base of the fuzzy classifier are
simultaneously  optimized by the
intelligent genetic agorithm (IGA). We
also incorporated heuristics to enhance the
search capability of the IGA. Experimental
results revel that the proposed |GA-based
method is efficient in terms of the
classification accuracy and the
compactness of fuzzy classifiers.

Keywords: Fuzzy classifiers,
membership functions, intelligent genetic
algorithms.

1. Introduction

The concept of “fuzzy sets” was
proposed to deal with vagueness,

uncertainty, and imprecision intrinsic to
many problems. The main characteristic
feature of fuzzy sets is to apply the fuzzy
concept to precise sets, then to describe and
simplify the input space of a given problem.
In general, daily-life practica problems
involve a large number of uncertainty and
complexity, therefore fuzzy theory has been
widely used.

The classification problems have been
playing an important and crucial role in many
daily-life problems and engineering area. The
approach to establish fuzzy rules to describe
the complex and uncertain system is
perfectly adapted to the classification
problems.

The design process for a fuzzy classifier
is first to generate the partition of input space,
then to develop the fuzzy rule for each
partition region. In general there are three
types of partition methods, grid, scatter, and
tree partitions. First, the grid partition
defines each region as a square area and it is
the most widely used method, especialy in
control system. Second, the scatter partition
determines each region by covering a subset
of the whole input space. Third, the tree
partition specifies each region based on a
corresponding decision tree.  The choice of



partition region could affect the
performance of classification. If a
partition is too coarse, the performance
may be low. If a partition is too fine, it
will generate too many rules and cause
cumbersome operations.

In order to full utilize the ability of
fuzzy classifiers, further optimization for
the membership functions or the rule base
is required. Various literatures have
successfully applied genetic agorithms
(GAS9) [1] to fuzzy classifier optimization.
Ishibuchi et al. proposed a series of
evolutionary approaches for fuzzy rule
selection with fixed membership functions
[4-6]. Murata et al. used GAs to adjust
triangular membership functions [9].
However, many of them mainly focused
on the simple problems with low input
dimensions, which would not be feasible
to the classification problems.

To design an efficient fuzzy classifier,
the design method have to satisfied the
following requirements:

1) The membership functions should
be flexible enough to generate accurate
fuzzy partition.

2) The optimization algorithm should
have the ability for solving large
parameters optimization problems in
fuzzy classifier design.

In this paper, we proposed an
evolutionary approach for design accurate
and compact fuzzy classifiers with grid
partition of feature space:

1) Adopt the trapezoidal membership
function to ensure the flexibility of
the fuzzy classification system;

2) Simultaneously adjust the
membership functions and the
fuzzy rule base;

3) Use the intelligent genetic
algorithm (IGA) [13] to solve
high-dimensional classification

problems; and
4) Incorporate heuristics to enhance the
search capability of IGA.

The main advantage of the proposed
method is that the accuracy of fuzzy
classifier is maximized while the great
interpretation ability of grid partition is also
preserved. The high classification rate with
fewer fuzzy rules can be obtained through the
flexibility of trapezoidal membership and the
search ability of the intelligent genetic
algorithm.

The experimental results show that the
proposed method is efficient in designing
high-performance fuzzy classifiers in terms
of classification accuracy and the number of
fuzzy rules, compared with existed grid
partition approaches.

2. Related Work
2.1 Genetic Algorithms

The theoretical foundation of genetic
algorithm was originally proposed by John
Holland [2]. The concept came from the
evolution process that operates on
chromosomes. The natural selection
process reveals that the chromosomes that
encode successfully structures reproduce
more often than those that do not. As of
today, genetic agorithms have been
successfully applied to a variety of research
areas, for instance optimizations, machine
learning, control systems, and pattern
recognition.

One of the successful applications that
genetic algorithms have been employed is the
fuzzy if-then rule for classification problems.
The redl-life classification problems often
involve many input attributes.

2.2 Genetic Rule Sdlection

there is a
classification

For instance, if
ten-dimensional pattern



problem with six fuzzy sets for each
atribute, the total number of possible
fuzzy if-then rules is 6 (more than 2
billion). Thus how to select a small
number of rules in order to construct a
compact fuzzy rule-based system is crucial
and important. Ishibuchi et al. [2][4]
proposed the idea of rule selection using
genetic algorithms that can generate
smaller numbers of rule sets.

K fuzzy sets are defined for each
feature axis with fixed shape of triangular
membership functions. They also proposed
the “don’'t care” concept if some features
are not used in the classifier. Thus the
n-dimensional feature space is then
partitioned into regions and number of
possible fuzzy rules is (K+1)". Since
various regions do not contain any patterns,
the corresponding fuzzy rules can be
eliminated without losing accuracy.

The remained candidate fuzzy rules
are further optimized using a simple
genetic algorithm. The solution is encoded
as a hit string. The bit ‘1’ represents the
corresponding rule is selected into the rule
set. Otherwise, the ruleis not used.

However, the rule selection approach

is not suitable for solving
high-dimensional pattern classification
problems. The number of rules

exponentially increases with the number of
input features. Even after the rule
elimination, the simple genetic algorithm
will suffer to the huge number of candidate
fuzzy rules.

23 Fuzzy Genetic-Based Machine
Learning

For solving high-dimensional pattern
classification problems, Ishbuchi et al.
proposed a fuzzy  genetic-based
machine-learning (GBML) agorithm [17].
They use the same membership functions
as the early rule selection method, but the

antecedent conditions of the fuzzy rules are
encoded into chromosomes and directly
evolved by the genetic algorithm instead. The
variable-length representation of
chromosomes alows genetic agorithm to
minimize the number of fuzzy rules.
Compared with the rule selection approach,
the fuzzy GBML has the ability for solving
high-dimensional classification problems.

However, the shapes of the triangular
membership functions of the fuzzy GBML
proposed by Ishibuchi et al. are fixed. In
real-world applications, the membership
functions should be flexible enough to
generate accurate fuzzy partition. Homaifar
and McCormick [12] showed that
simultaneous design  of  membership
functions and fuzzy rules can enhance the
performance of fuzzy systems. It aso
increases the number of parameters which
will be optimized. Thus the fina
classification performance (i.e., accuracy and
rule base complexity) of the fuzzy classifier
will depend on the search ability of the
genetic algorithm.

3. Evolutionary Fuzzy Classifier Design

3.1 Membership Functions and Fuzzy
Partition

In this paper, we used flexible trapezoid
membership functions (Fig. 1) in the fuzzy
classifier design. Each membership function
IS represented by five parameters.  Without
losing the generalization ability, we assume
that al the attribute value is normalized in
the unit interval [0, 1]. The membership
function £(x) of a fuzzy set is defined as
follows:



0 if x<aorx>d

1 if b<x<d

X728 it a<x<b (1)
b-a

d-x if c<x<d,

d-c

where x[[0,1] and a < b < c < d. The
variables a, b, ¢, and d determining the
shape of a trapezoidal fuzzy set are to be
optimized. The parameters of the
membership functions are optimized by
the intelligent genetic algorithm later. The
parameter L can decrease the interaction of
encoded parameters, which can further
extend the optimization performance of
intelligent genetic algorithm.

For each feature axis, a specified
number of membership functions are
defined. Each membership function
represents a fuzzy set with a linguistic
label. Fig. 2 is an example of afeature axis
with  three trapezoida  membership
functions.

3.2 Fuzzy Rules and Fuzzy Reasoning
Method

The following fuzzy if-then rules for
n-dimensional pattern  classification
problems are used in our design of fuzzy
classifier systems:

R: If X1 isAqjand ... and X, is A, j then
ClassCywithCFj, j=1,...,N,

where R isarule label, x; denotes a feature
variable, A,j is an antecedent fuzzy set,
CiU{1, ..., C} denotes a consequent class,
C isanumber of classes, CF; is a certainty
grade of this rule in the unit interval [0,1],
and N is a number of fuzzy rules in the
initial fuzzy-rule base. The antecedent
conditions of each fuzzy rule are generated
by the intelligent genetic algorithm. Once
the membership functions and the
antecedent conditions are given, the
variable C; and CF; are determined by the
following equations in the training phase
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[18].

C; =arg|£naxﬁclassk(Rj)) )

IBCIa$k (RJ) = Z,U(Xp) ' (3)
XpLIClass,

,U(Xp) =:uj1(xp1)x---xﬂjn(xpn) ' (4)

where Xp={ Xp1, ...Xpn} IS the training pattern
and £4i(.) is the membership function of fuzzy
set Aji, and

CFj ={ﬂc|asscj(Rj)_:E}/z:BClaSSk(Rj) (5)
k

where

B = Zﬁclm(Rj)/(C‘l) . (6)

k#C;

In the test phase, the class label of atest
pattern is determined by the
Single-Winner-Rule strategy [16]. Given a
test pattern x,, the value of 14(X,)[CF; of each
fuzzy rule is calculate, and the winner rule
R+« is the rule with maximal vaue
U+ (%) [CFj+ and the class of the test pattern is
determined by the consequent class of R+

3.3 Fitness Function and Chromosome
Representation

Our three goals for design of fuzzy
classifiers are: 1) maximize the classification
accuracy, 2) minimize the numbers of fuzzy
rules, and 3) minimize the total number of
antecedent conditions of the fuzzy rules. We
formulate these criteria as the fitness function

F(9:

Maximize F(S) = NCP(S) —w; [N, —w;, [N,
(7

where S is the fuzzy classifier generated by
IGA, NCP(S is the number of correctly
classified training patterns by S N; is the
number of fuzzy rules, N, is the total number
of antecedent conditions. w, and w, are the
weighted values to control the importance of
N; and N, respectively.



The parameters of membership
functions (parametric genes) and the
antecedent part of fuzzy rules (rule base
genes) are encoded into chromosomes.
Each parametric gene is a binary coded
real value in the interval [0,1] and each
rule base gene can be one of the conditions
0,1,...,K-1,or ‘#,whereK isthe number
of fuzzy sets per feature, and ‘# is the
“don’'t care” condition.

In order to minimize the number of
used fuzzy rules, the control genes are also
encoded in the chromosomes. Each fuzzy
rule is controlled by a gene with one bit
length. If the bit is 1, the corresponding
fuzzy rule will selected into the rule base;
otherwise, the fuzzy rule will not be used.
Figp 3 shows the chromosome
representation for K = 3. It is noticed that
each membership function located at the
boundary only required two parameters.

In our experiments, we set the value
of k to be 3. The total number of encoded
parameters is (9n + m + mid) where n is
the number of features and m is the
maximal number of rules. In our
experiments, the maximal number of fuzzy
rules is 3C where C is the number of
classes of the classification problem.

3.4 Intelligent Genetic Algorithm

In this section, we proposed a
modified version of intelligent genetic
algorithm for design of fuzzy classifiers.

Population initialization. We applied the
well-known  fuzzy c-means (FCM)
clustering algorithm to generate the initial
membership functions. For each feature,
we calculate the projection of training
patterns and the means obtained by FCM
are the initial values of parameters L;. The
other parametric genes and the control
genes are randomly initialized. Finally, the
following direct rule generation heuristic
[10] is used to initiadlize the rule base
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genes.

Step 1:
Step 2:

Randomly select atraining pattern.

Caculate the membership values of
fuzzy sets for each feature.

The antecedent conditions of the
fuzzy rule are the fuzzy sets with
maximal membership values for each
feature.

Randomly select haf of the
antecedent conditions and set them to
be‘# (“don’t care’).

Perform step 1 to 4 until all fuzzy
rules are generated.

Step 3:

Step 4:

Step 5:

Sdection. The binary tournament selection
without replacement is used in the proposed
algorithm. The selection strategy ensures that
the best individual of each generation can be
selected into the mating poor.

Intelligent Crossover operator. A
modification of intelligent crossover using
orthogonal experimental design (OED) is
proposed. We use OED to generate
high-quality offspring in the crossover
operator. In order to minimize the number of
parameters involving in the orthogonal
experiments, any corresponding pair of genes
with the same value from two chromosomes
can be simply ignored in the crossover
operator. Furthermore, if any corresponding
pair of control genesis‘0’, the corresponding
rule base genes can be aso ignored. The
remained genes are randomly divided into
several  segments and the orthogonal
experimental design is applied.

Mutation operators. Two types of mutation
operators are used in the proposed method.
For parametric and control genes, the simple
bit inverse mutation operator is used. For rule
base genes, the direct rule generation
heuristic is aso used here. Let my, is the
number misclassified training patterns and N;
is the number of decoded fuzzy rules. If My,
< [N/2], then mar new fuzzy rules are
generated from the misclassified training



patterns; otherwise, | N//2| new fuzzy rules
are generated.

The framework of the proposed
algorithm is described as follows:

Step 1:  Initialize population P(1), and let
t=1.

Step 2: Evaluate P(t).

Step 3: Select individuals from P(t) into
mating poor.

Step 4: Perform intelligent crossover and
mutation and the newly generated
individuals form C(t).

Step 5: Select P(t+1) from P(t) and C(t).

Step 6: Lett=t+ 1.

Step 7: If the termination condition is

satisfied, stop the evolution;
otherwise, go to step 2.

The termination condition is defined
as user's preference, such as maximal
number of generations or maximal number
of function evaluations. The detail
information and theoretical analysis of the
intelligent genetic algorithm can be found
in[13].

4. Experimental Results

In this section, the proposed
IGA-based method is compared with the
existed fuzzy classifiers with grid partition
and the decision tree C4.5 release 8 [15].
Several databases for performance
evaluation are selected from UCI Machine
Learning Repository [14]. Table 1 isthe
summarized information of the databases.

The parameter settings of the
proposed method are as follows:

Number of fuzzy sets per feature: 3;
Maximal number of fuzzy rules: 3C,;
Population size Nyop: 20;

Number of fuzzy sets for each feature: 3;
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Weighted values of the fitness function: w,
=0.1, w, = 0.001;

Crossover probability P¢: 0.8;
Mutation probability Pn,: 0.01;
Stopping  condition: 20000
evaluations.

fitness

4.1 Experiment 1

In the following experiments, al the
patterns are used as the training patterns for
fuzzy classifier design. The results of the
proposed IGA-based method are obtained
from 20 independent runs. Tables 2 and 3 are
the best performance of the IGA-based
method and other fuzzy classifiers for iris

and wine classification problems,
respectively. Table 4 is the average
classification performance of |1GA-based

method. Figs. 4 is the membership functions
and rule base for the iris classification
problem obtained by the proposed method.

In the experiments, the |GA-based
method can obtained very high classification
rates and the used number of fuzzy rules is
fewer than the existed fuzzy classifiers.

4.2 Experiment 2

In order to show the generalization
ability of the proposed method, we applied
the ten-fold cross validation method (10-CV)
to the databases. For m-fold cross validation,
the database is randomly divided into m
subsets with equal size. Then the classifier is
trained mtimes, each time with a different set
held out as a validation (or test) set. The
estimated performance is the mean of these m
results.

Table 5 is the average performance of
the IGA-based method obtained from 30
independent runs. Table 6 is the performance
of C4.5 release 8 with pruned tree using
certainty level CF = 0.25 (the default value
of the program).



We observed that the average
number of fuzzy rulesfor each classisless
than 2. It is show that the proposed method
is effective to minimize the number of
fuzzy rules. The results shown that the
performance of the proposed IGA-based is
comparable to or better than that of C4.5.
In half of the databases, the classification
accuracy of test data of the 1GA-based
method is better than that of C4.5, while
the number of used rules of the IGA-based
method is aso less than that of C4.5. That
is, the proposed method can obtain more
compact classifiers with high classification
accuracy. The fuzzy rules with linguistic
expression are more comprehensible for
human.

5. Concluding Remarks

In this paper, we proposed an
evolutionary approach for design of
accurate and compact fuzzy classifiers.
The flexible trapezoid membership
functions can archive the accurate grid
partition of feature space. The proposed
evolutionary design method
simultaneously optimizes the shapes of
membership functions and the fuzzy rule
base, which improves the classification
performance. Finaly, severa useful
heuristics are incorporated into the
proposed method, which can further
extend the optimization performance of the
intelligent genetic algorithm.

The performance of the proposed
method is evaluated using various
databases which are frequently used in the
research area of pattern recognition. It is
shown empirically that the performance of
the proposed method is superior to the
existed rule-based methods in terms of
classification accuracy and the
compactness of classifiers.
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Fig. 4. The membership functions and rule
base for iris classification using all

patterns as training data.

Table 1. Databases with numerical attribute values.

N, is the number of encoding parameters in the

chromosomes of IGA.

Dazbase e P mberc M
cme 1473 9 3 171
glass 214 9 6 261
haberman 306 3 2 51
heart-c 297 13 5 327
iris 150 4 3 81
liver-disorder 345 6 2 96
new-thyroid 215 5 3 99
pima-diabetes 768 8 2 126
wdbc 569 30 2 456
wine 178 13 3 243
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Table 2. Best performance of fuzzy classifiersfor iris classification problem.

Rule Selection  Ishibuchi  Ishibuchi  Ishibuchi  Ishibuchi

| GA-based
[10] (1996) [11] (1995) [5] (1996) [4] (1998) [9]
Classification rate 98% 98% 100% 100% 100% 100%
Number of rules 3 5 11 13 56 58
Number of antecedent conditions 3 7 44 52 NA NA

Table 3. Best performance of fuzzy classifiers for wine classification problem.

Rule Selection  Fuzzy GBML  Ishibuchi I shibuchi

|GA-based
[10] [10] (1995) [5] (1996) [4]
Classification rate 99.4% 96.1% 99.4% 100% 100%
Number of rules 5 4 8 16 180
Number of antecedent conditions 10 6 15 208 NA

Table 4. Average performance of |GA-based method

iris wine
Classification rate 97.20% 97.83%
Number of rules 3.7 6.1
Number of antecedent conditions 4.2 11.9

Table 5. The average performance of IGA according to the fithess value using 10-CV.

Database Fitness TrCR(%) TeCR(%) N Na N/C AVG.
Length
cme 726553  54.85 5254 52 118 17 23
glass 129.408  67.92 5952 136 465 23 34
haberman 203509  73.98 7321 23 22 11 10
heart-c 166.279  62.56 5492 92 312 18 34
iris 131.307 9754 9529 36 40 12 11
liver-disorder 212002  68.39 6356 33 54 17 16
new-thyroid 175306  90.98 8889 7.3 147 24 20
pima-diabetes 510269  73.87 7204 31 47 16 15
wdbc 469.815  91.83 8013 41 373 21 91
wine 154.867 9711 8883 68 219 23 32
Average 287.931  77.90 7379 585 1798 181 286
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Table 6. The performance of C4.5 with pruned tree using 10-CV.

Database TICR(%) TeCR(%) N,  NJ/C

cme 54.85 52.54 52 17
glass 67.92 5052  13.6 23
haberman 73.98 73.21 23 11
heart-c 62.56 54.92 9.2 18
iris 97.54 95.29 3.6 12
liver-disorder 68.39 63.56 33 17
new-thyroid 90.98 88.89 7.3 24
pima-diabetes 73.87 72.04 31 1.6
wdbc 91.83 89.13 41 21
wine 97.11 88.83 6.8 2.3
Average 77.90 73.79 5.85 181
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