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Abstract—In data mining, clustering analysis is a technique for grouping data into related component based
on similarity metrics. Integration of fuzzy logic with data mining techniques has become one of the key
constituents of soft computing. In traditional clustering algorithm, one object is assigned in to only one
cluster. But if the clusters are touching each other or they are overlapping, fuzzy clustering comes in to
existence. In this paper the membership calculation for clustering the points and its criteria is modified. The
Box metric equation is applied as a proximity measure. This paper also presents an investigation into a fuzzy
association rule mining model for enhancing prediction performance in a medical database. This model (the
FCM-MSMM  Apriori model) integrates multi membership and multiple support approach for
Betathalasemia disease for performance prediction.
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INTRODUCTION

The applications of Data mining have become increasingly common in both private
and public sectors. The medical community sometimes uses data mining to help and
predict the effectiveness of a procedure or medicine [45]. Data mining can be
performed on different types databases and data repositories. The various data mining
functionalities like classification, prediction, cluster analysis etc are used to find the
different kinds of pattern, the result of data mining technique. Association rule mining
has been a accepted area in data mining (DM) research, more and more attracting the
attention of researchers.[1] [2][3][4][5] are important works in this area. Association
rules discovery presented in [6] intends to extract the characteristics, hidden
association patterns and the correlation between the items (attributes) in a large
database [7],[8]. The Apriori algorithm developed by [9] is a classic and popular
algorithm for strong association rules (knowledge) extraction from a transaction
database with high frequent itemsets using the pre-defined threshold measures.
These thresholds are minimum support (minsupp) and minimum confidence
(minconf). Association rules are formally written and presented in the form of “IF-
Then” as follows: X — Y, where X is called the antecedent and Y is called the
consequence. Let | = {iy, i2,..., in} be a set of distinct items (attributes). A collection

of one or more items, i.e., any set of items is called an item-set. Let D = {t3, to,..., tm} be
a set of transaction IDs (TIDs). Each TID in D is formed from a set of items in I. The
support count is the occurrence (frequency) of X and Y together, support (XUY), and
the support value is the fraction of transactions that contains both X and Y.

An item set whose support is greater than or equal to a minsupp threshold is
called a frequent item set. The confidence value measures how often items in Y appear
in transactions that contain X and is the ratio of occurrence (X and Y) divided by (/)
occurrence(X). Support(XUY)/Support(X) An association rule is an implication
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expression of the form (: X — Y), where X, Y € | and X NY =¢ A strong association rule

is that which has support and confidence greater than the user defined minsupp and
minconf. The main task of the association rule discovery is to find all strong rules.

One of the advantages of association rule discovery is that it extracts explicit rules
that are of practical importance for the user/ human expert to understand the
application domain. Therefore this can be facilitated to adjust (extend) the rules
manually with further domain knowledge, which is difficult to achieve with other
mining approaches [10]. On paper [11] introduced the problem of extracting
association rules from quantitative attributes by using the partitions method for these
attributes. Some of the current association rule mining approaches for quantitative
data neglected the values of the interval boundaries of the partitions. This causes
sharpness of the boundary intervals which does not reflect the nature of human
perception, justifiably argued by [12] 13]. Instead of using partition methods for the
attributes, it is better to adopt the advantage of fuzzy set theory with a smooth
transition between fuzzy sets. As a whole, the fuzzy approach is used for transforming
quantitative data into fuzzy data. A variety of approaches has been developed in order
to extract fuzzy association rules from quantitative data sets [14], [15], [16], [17], [18],
[19], [20], [21].

In this paper investigates the problem of association rules extraction from
quantitative data using fuzzy clustering techniques. Fuzzy clustering is a suitable
method to transform quantitative data into fuzzy data, taking the advantage of fuzzy
set theory over the partition method concerning the smooth transition among fuzzy
sets. Fuzzy Association Rules (FARs) mining is adopted in this paper as a solution for
extracting knowledge from the quantitative database.

The association rule mining aims to discover the relationships (rules) among the
data attributes (features), which depend on minsupp and minconf. Consequently,
large numbers of rules are anticipated, particularly if minsupp is set to be very low.
Practically, a single minsupp is a vital parameter that controls the extracted number
of association rules. The papers [22],[3] proposed an integrated data envelopment
analysis based method to identify the most efficient association rules by ranking them
using multiple criteria. Conventional association rule mining approaches like Apriori
[9] and Frequent Pattern-Growth (FP-Growth) [23] are based on a single minsupp
threshold. However, it was observed that using a single minsupp causes a dilemma
called the “rare item problem” [24][23].

To resolve this rare item problem, author [8] developed a multiple support model
called the Multiple Support Apriori (MSApriori) algorithm. MSApriori is based on the
idea of setting a Mini-mum Item Support (MIS) for each item in a database, i.e.,
assigning multiple minsupp for different items in the database, instead of using a
single minsupp for the whole database. Hence, MSaproiri is expressed as a
generalization of the Apriori algorithm. Different MIS values can be assigned to assess
different frequent items to facilitate the generation of frequent itemsets of rare items
and prevent the production of uninteresting frequent itemsets [22] More recently, an
approach has been developed to improve MSApriori called Improved Multiple Support
Apriori (IMSApriori) [8],[21].

This paper also proposes Fuzzy Association Rules (FARs) generated using Fuzzy
clustering on quantitative data by adopting the multiple support approaches in order
to deal with the limitations of using a single minsupp. FCM-Apriori model, is based on
the integration of the Fuzzy C-Means (FCM) clustering algorithm and the Apriori
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approach for extracting FARs. FCM-MSApriori model, is based on FCM and a multiple
support thresholds approach.

Although the adoption of the MS idea from the classical partition case, the FCM-
MSApriori model in the fuzzy case remains obstructed because it uses only one
membership function without considering the price-quantity relation[25]. For
example, In the Business field the implication of a pattern “Color Laser Printer with
Low quantity* must be distinguished from that of another pattern “Printer Toner with
Low quantity” although both patterns are assigned with a same fuzzy term. Managers
may specify different definitions of Low quantity for Color Laser Printers and Printer
Toner. Items with different prices result in different quantity demands; therefore,
different membership functions must be dispatched to calculate their fuzzy term
supports.

The rest of this paper is structured as follows. 2 gives a brief idea about clustering
and gives the comparison about k means and fuzzy C-means algorithm. Section 3
describes Association mining with fuzzy model with the case studies. Experimental
results of analysis are presented in Section 4. Finally, the conclusion are drawn in
Section 5 with the key contribution of the research

K Means Clustering

The most popular class of clustering algorithms is K means algorithm, a center based,
simple, and fast algorithm, aims to partition n objects into k clusters in which each
object belongs to the cluster with the nearest mean. The k means algorithm is the
best method to cluster the crisp data. It tries to find a user specified number of
clusters. The clusters are represented by their centroid. This centroid is typically the
mean of the points in the cluster. There are two phases in the algorithm. The first one
is to select K centers randomly, where the value of K is user specified. The next phase
is to assign each data point to the nearest center. Euclidian distance is generally
considered to determine the distance between each object and center [47]. When all
the objects are assigned in some clusters recalculate the mean of the clusters. This
process repeats until the criterion function becomes minimum. The objective function

JI=Xh_ B lIXi — ¢jll 2 (1)
Fuzzy ¢ Means

Integration of fuzzy logic data mining techniques has become one of the key
constituents of soft computing [46]. The central idea in fuzzy clustering is the non-
unique partitioning of the data into a number of clusters. The data points are
assigned membership values for each of the clusters. The fuzzy clustering algorithms
allow the clusters to grow into their natural shapes. In some cases the membership
value may be zero indicating that the data point fuzzy ¢ means clustering involves two
processes: the calculation of cluster centers and the assignment of points to these
centers using a form of Euclidian distance. This process is repeated until the cluster
centers stabilize. The algorithm is similar to k-means clustering in many ways but
incorporate fuzzy set's concepts of partial membership and forms overlapping clusters
to support it. It assigns membership value to the data items for the clusters within a
range of O to 1. The algorithm needs a fuzzification parameter m in the range [1,n]
which determines the degree of fuzziness in the clusters. When m reaches the value of
1 the algorithm works like a crisp partitioning algorithm and for larger values of m the
overlapping of clusters is tend to be more.
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NEED OF FUZZY MEANS CLUSTERING

In traditional clustering algorithm, one object is assigned in to only one cluster. This
is valid till the clusters are disjoint and separate. But if the clusters are touching each
other or they are overlapping, then one object can belong to more than one cluster. In
this case fuzzy clustering comes in to existence[47]. In fuzzy clustering, one object can
be clustered in more than one cluster according to the degree of membership
function.

Let a set of objects X = {Xi,X2,Xs....... } has to be clustered in to C =
{ci,C2,Ca....... 16(x,Ci) denote the similarity between object x and cluster Ci.

The common criteria about the membership function of datapoints is.

Yi=1U =1, i={1,2,3,....N} 2)

i, (njxi))m] (3)
Since fuzzy c-means algorithm is the most popular and widely used fuzzy

clustering algorithm, many approaches have been proposed to improve the

performance of the algorithm. Each of these modified methods proposes a new
membership function for calculating the membership of data points in clusters.

The cluster cente Cj=

The adaptive fuzzy clustering algorithm is a modified version of the c-means
clustering and it is proposed by Krisnapuram and Keller [48].The membership values
in this method are calculated using Expression (48). The adaptive fuzzy clustering
algorithm is efficient in handling data with outlier points. In comparison with c-means
algorithm, it gives only very low membership for outlier points.Since the sum of
distances of points in all the clusters involves in membership calculation this method
tends to produce very less membership values when the number of clusters and
points increase and this is the main limitation of it.

1 \1/(m-1)
_ . G
Hi(%i) = (—F7m) (4)
i (377)
wherdj | =|lxi—cj||2

In paper[3], "A Modi_ed Fuzzy C-Means Algorithm for Natural Data Exploration
they replaced the restriction imposed by exp (46) with a liberalized expression (5).
That is, the sum of memberships in a cluster center must be n/2.

i=1(mj(xi))=n/2 (5)

In c-mean the membership of a data point in a cluster depends directly on the
sum of distances of the point in other cluster centers (2). Many limitations of the
algorithm which affect the performance arise due this method [4]. Instead, they
considered the sum of distances of data members in a cluster for the calculation of
memberships in that cluster, it might improve the performance of the algorithm. This
leads to their second modification. The new membership function for ith data point in
jth cluster is given below (6).

1 1/(m-1)
%) (6)

i=1(dji

Hi(xi) = 2 * (
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Also in paper[6] “Clustering Algorithms in Biomedical Research: A Review” by Rui
Xu, and Donald C. Wunsch, Il explained about the proximity measures Clustering
algorithms are built on the proximity of data objects, each described by a set of
features, denoted as a multidimensional vector. The features can be quantitative or
qualitative, continuous or discrete, which leads to different measure mechanisms.
Accordingly, the data set with data objects of features will be recorded as an data
matrix, with each row denoting an object and each column representing a feature.

The data matrix is designated as two-mode because its row and column indices
have different meaning. This is in contrast to the one-mode proximity matrix, which is
an symmetric matrix with elements representing the similarity or distance measure
for any pairs of data objects in the data set, because in a proximity matrix, both
dimensions share the same meaning

ALGORITHM FOR FUZZY C MEANS ALGORITHM
Initialize P= number of clusters=2
Initialize m= fuzzification parameter,;
Initialize Cj=( cluster centers)
Repeat
For i =1 to n: update pj(xi) applying equation 4
For j=1 to p: update C; with (4)with current pj(xi)
Until Cj estimate stabilize

FCM-S Apriori

The use of a single minsupp for a whole database assumes that all items in the
database have the same frequency. However, in real applications, the database
contains some high frequency items, while others are of low frequency. The human
expert, based on do-main knowledge, can set minsupp for a specific value in order to
find the frequent item sets. In that case, if minsupp is set too high it will extract a low
number of frequent item sets. Thus, the rare item problem will appear and cause a
dilemma (called the rare item problem). On the other hand, if minsupp is set too low,
it will extract a high number of frequent item sets, which causes combinatorial
explosions, i.e., all the possible associations will be found. Some of those frequent
item sets are uninteresting or insignificant [24]

To overcome the dilemma of the rare item problem, [24] proposed an algorithm
called MSapriroi based on a multiple minimum support thresholds approach using
MIS, where the number of generated rules depends on the control parameters used.

FCM-MSMM-Apriori Model

The proposed FCM-MSMM-Apriori model adopts this multiple minimum support
concept [24] and multiple membership function [25] for different attributes depending
upon the frequency This model utilizes FCM, and the MSapriori approach is used for
extracting FARs of rarely and highly frequent termsets from fuzzy data sets as shown
in Fig. 3.
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Fig. 3: FCM-MSMM-apriori Model
SOME COMMON MODIFICATIONS
Clustering

We replaced the restriction imposed by exp (5) with a little more liberalized expression
(7). That is, the sum of memberships in a cluster center must be n. not n/2 that is the
sum of data points in a cluster will be maximum one, taking the maximum member
ship value | for every points in a cluster

a(uxi))=n (7)
Second modification

Regarding the membership value calculation of each data points, we are taking
with a more accurate value by changing

(L)ll(m—l)

n ii

Hi(xi)= 2= (%) (8)
i=1(m)

Third Modification:

Instead of using Euclidian distance formula J=Z?=1Z?=1||Xi —¢j|| 2 for finding the
similar points and to form the cluster, we are using Box metric equation which is
dii =max {] (C ji-X i)l (9)

where j denotes the no of clusters and q denotes the no of attributes in data point.
we are taking the maximum value distance between the attributes of cluster centre
and each data point.

Fuzzy Association Mining we are Doing the Following Modification

We list three advantages of our new knowledge discovery model as follows:

1. The FCM-Apriori is more normal and suitable in relation to human knowledge.
We can easily understand linguistic terms discovered by the decision making
procedure.
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2. The FCM-MSApriori inherits advantages from FCM-Apriori and gives more
flexibility to real-life applications. The model acquires certain patterns in which
the elements include rare items with advanced profits, and excludes those that
are minor with lower profits.

3. The idea of adjustable membership functions is considered to offer fuzzy
guantitative information, depending on the various membership functions.
That is, although any two items may have the same fuzzy term, the meanings
of the quantitative natures differ.

Database Description

The thalassemia is autosomal recessive disorder which results in reduced production
of one or more of the submits hemoglobin [36]. Thalassemia is a public health
problem in the tribal area of India. Beta thalassemia major produces severe anemia
that requires lifelong blood transfusions for survival. The molecular defects producing
beta thalassemia are heterogeneous, and each ethnic group possesses its own specific
set of mutations [37][38]. Treatment of Thalassemia involves lifelong treatment [39].
Management includes regular blood transfusions, iron chelation treatment,
management of complications including osteoporosis, cardiac dysfunction, endocrine
problems, hepatitis B and C infection, HIV infection. Life-expectancy for Thalassemia
has improved significantly with modern medical treatment. [40-42] But it has been
estimated that only 5-10 percentage thalassemia children born in India receive
optional treatment[43] without access to regular chelation treatment and medical
care, the majority of children with Thalassemia major do not reach the age of 20.

Materials and Methods: population; sample size is 61.the study was done
October 2006-Jan 2008 [44]

Source of Data: With the same study in our previous work,it was prospective
observational study done in 61 thalassemic patients to observe the growth and sexual
maturation. Data was collected from 61 children between the age group of 3 to 15
years who were diagnosed as having Beta Thalassemia major by hemoglobin
electrophoresis and receiving blood transfusion from Thalassemia clinic of St.Johns
Medical College Hospital Bangalore. Linear growth was assessed in all children
between the age group of 9-15 years. The database has been normalised for clustering
as well as for rule mining to obtain more accurate results

Table 1: Analysis on Betathalesemia Data Base

SI. No. Details No
1 Data size 61
2 No of variables 6
3 Min support 2.58
4 Min confidence 0.4

Discussion and Results

In all experiments we use MATLAB software as a powerful tool to compute clusters.
The fact that the number of patients with thalassemia decreases beyond 15 years
could be explained by death mostly among children older than 15 years.This can be
explained by the fact that if children are not transfused, they die before the age of 6
years and if they are transfused and non-chelated,they die before the age of 20.The
clustering of number of patients shows that the age group between 8 and 10 years old
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are mostly affected by this diease.The mean age is 10=(not equal to) 5 years. Beyond
15 years,the number of cases decreases (Fig. 4 (x-axis no of patients and y axis age)).
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Fig. 4: The Two Clusters Formed using the Variables
Patient Id with their Age using Color Discrimination
The distribution of Thalassemia patients according to sex shows male
predominance. However, there is no significant difference between male and female
regarding the occurrence of the disease.
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Fig. 5: The Distribution of Thalassemia Patients According to Sex
The patients issued from consanguineous marriages are affected by the disease
with a rate of 57 and 43.
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Fig. 6: The Distribution of Thalassemia Patients According To Consanguineous Marriages
The FCM-MSMM-Apriori model.
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For analysis and validation purposes, Betathalesemia data set (Section 3.1) is
used. Betathalesemia prediction (including age) and consanguinity has long been
regarded as a critical concern for the prediction of disease [44]. The FCM-Apriori
model discussed in Section 2 is implemented on the database of Betathalesemia;
Furthermore, the simulations and experiments are illustrated. Subsequently, the
results’ analysis of the model application is discussed.

Example: how the proposed FCM-Apriori model works

This example illustrates the steps of the model applied to the Betathalesemia
patients database.

Very ow ow median hillh

output variable “age eta”
Fig. 7: An Example of the Age Field (3-15) and its Membership Functions

Figure 7 represents an example of the age field (3-15) and its membership
functions. all fields have four fuzzy classes including: Very Low (VL), Low (L), Medium
(M) and High(H). Here, each fuzzy class (fuzzy set) is mapped into numbers,

Figure 8 explains the analysis of min supp and minconf values on the MAPE for
the betathalesemia Dataset. The graph of minconf 0.4 and minsupp 2.5 shows MAPE
value 11.5 which is the Minimum
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Fig. 8: The MAPE for Different Minsupp and Minconf

Again Fig. 9 shows that the minimum MAPE is produced when of minconf 0.4 and
minsupport 2.58. The selection of an appropriate no of rules for accurate prediction
depends on the selection of minsupp and minconf values.
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Fig. 9: The MAPE for Different Minsupp and Minconf

Figure 10 shows the performance analysis of Existing Algorithm and Proposed
Algorithm. The FCM MSMMApriori gives minimum MAPE value when min support is
2.58 and minconf 0.4.
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Fig. 10: Analysis of Existing Algorithm and Proposed Algorithm

Figure depicts the analysis of minsupp and minconf values on the MAPE for the
data set. The minimum MAPE value of 11.4%, and it contains rules that cover most
cases in the graph when the minconf 0.4 with minsupp 2.5. When minconf is less
than 0.4,it will increase the MAPE; this is explained by producing a large number of
rules (a decrease in minconf shows an increase in the deviated rules, which causes
error for the FIS). Also it is noted that if minconf is greater than 0.4, it will lead to an
increase in the MAPE. Again this is explained by producing a small number of rules,
which does not give robust results for the FIS (the increase in minconf implies a
decrease in the number of relevant rules).

Calculation of MAPE

FCM and Apriori 13.4
FCM and MS apriori 12.9
FCM and MSMM Apriori 11.5
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CONCLUSION

The modified C means algorithm with membership calculation and the restriction
regarding the objective function performs better result in terms of accuracy. Also
using Box Metric equation for proximity measure instead of Euclidian distance gives
betters clusters. The modifications implemented in real time dataset.

The Beta thalassemia database gives a clear idea about the percentage of linear
growth by analyzing the different variables. This analysis is done using clustering
techniques. The database helps to identify the percentage of linear growth of
b-thalassemia patients in children by the techniques of new modified clustering
FCM algorithms.

This paper has presented an enhanced prediction models using a Fuzzy
association rule mining approach. The FCM-Apriori model is based on a single
support value, which has been tested for data sets in a Beta thalesemia patients. It is
noted from the results that the model has efficiently minimized MAPE, which is
sensitive to minsupp and minconf values. The model used FCM to decide centers for
each field separately from the whole field. It is noted that FCM may be a basis an
overlapping problem to fuzzy sets (membership functions) for the whole data set. In
addition, FCM-MSapriori approach used a multiple minsupp for the whole database,
for instance, by considering and assuming the same frequency for all items
(attributes) in a particular data set. The FCM-MSMMapriori model was developed
based on the integration of FCM-MSapriori and the multiple membership function
approach, which is able to generate dominating FARs. It is noted that the proposed
model offers the best prediction performance as compared to the existing models
reported in the literature. In the future, an improvement of FARs extraction can be
investigated to enhance prediction accuracy and performance further.
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