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Abstract

In the field of data mining and machine learning, the
problem of recovering missing values from a dataset has
become an important research issue. Recently, the
numerical values may not be suitable for describing the
uncertainty of missing attributes, and there is a certain
degree of error. Hence, we propose an efficient interval
approach which utilizes a missing-data back propagation
to estimate the error value of the complete property of the
missing samples and convert the value of the missing
attribute to the form of an interval. Furthermore, fuzzy C-
means performs clustering analysis on the recovered data
set. Therefore, the numerical data set is converted into an
interval valued fuzzy C means clustering analysis, and
the final clustering results are obtained. The experimental
results demonstrate that our algorithm has good accuracy
in data clustering performance.

Keywords: Incomplete data, Interval valued estimation,
Fuzzy C-means clustering

1 Introduction

Clustering is the process of grouping data objects
into a set of disjoint classes, called clusters, so that
objects within a class have high similarity to each other,
while objects in separate classes are more dissimilar [1].
Clustering analysis is an unsupervised classification
method, which has a significant impact on all fields.
The Fuzzy C-means (FCM) algorithm is a useful tool
for clustering real s-dimensional data, but it is not
directly applicable to the case of incomplete data [2].
However, in practice, missing values occur with
collection of any data set due to various reasons
including equipment malfunctioning, human errors,
and faulty data transmission. If an organization does
not take extreme care during data collection, then
approximately 5% or more missing/corrupt data may
be introduced in the data sets [3-4]. Any missing data
in the database could prevent the discovery of
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important factors, and lead to invalid conclusions. The
problem of recovering missing values from a dataset
has become an important research issue in the field of
data mining and machine learning [5]. Hence, the
effective treatment of missing data is an important
problem in the real world. Dealing with missing data
effectively can help us to make full use of the
information of datasets, so as to improve the accuracy
and robustness of fuzzy clustering analysis results.

In the last decade, a number of new strategies based
on existing clustering methods have been proposed for
solving the problem of incomplete data set clustering.
[6-9]. As far as we know, the interval valued fuzzy
clustering theory has been used to handle incomplete
data recently.

Deb [10] proposed a novel imputation method that
exploits the within-record and between-record
correlations to impute missing data of numerical or
categorical values. Hong et al. [11] dealt with the
problem of learning from incomplete quantitative data
sets based on rough sets, and proposed an algorithm
that can simultaneously derive certain and possible
fuzzy rules from incomplete quantitative data sets and
estimate the missing values in the learning process.
Then he introduced an iterative missing-value
completion method based on the robust association
rules to extract useful association rules for inferring
missing values in an iterative way [12]. Mutual
information is one of the widely used criteria in feature
selection, which determines the relevance between
features and target classes. Qian et al. first validated
the feasibility of the mutual information. And then an
effective mutual information-based feature selection
algorithm with a forward greedy strategy was
developed in incomplete data [13].

Gao et al. [14] put forward two interval valued data
fuzzy C-means clustering algorithms and then
developed these two kinds of algorithms according to
considering influence factors of interval size on
clustering results, and proposed using weighted factor
to control the interval size of clustering effect. Yue et
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al. [15] proposed a new type of interval valued data
fuzzy clustering algorithm, which adopted interval
partition strategy to calculate the distance between
interval data, and improved the flaws of the interval
distance calculation. In order to reduce the complexity
of computation, the interval fuzzy sets were presented
by [16], which unified the weights of the secondary of
the interval valued fuzzy sets and reduced the
complexity of the computation. Interval fuzzy sets
have been widely used in pattern recognition and
clustering analysis [17-18].

Bing et al. used particle swarm global optimization
ability to find the best estimates of the missing
attributes in recent neighboring interval, and optimized
the fuzzy c-means clustering center to get the better
clustering results. After that, she put forward the
nearest neighbor interval reconstruction rule. The
nearest neighbor interval is reconstructed according to
the result of the pre classification, which excludes the
nearest neighbor samples from the same class as the
missing samples to get the more accurate missing
attribute interval [19].

With the further research on the fuzzy clustering
algorithm, it finds that data clustering performance is
not satisfactory due to incomplete data. Using the
interval valued data to express the fuzziness of the
boundary between data items is more effective [20-22].
We propose a fuzzy C-means algorithm based on
Missing-data Back Propagation (MBP) neural network.
The experimental verification of the University of
California, Irvine (UCI) data set and the artificial data
set are used to show that our algorithm has good
accuracy in data clustering.

The remainder of this paper is organized as follows.
In order to make this contribution self-contained, a
brief review of theoretical review is given in Section 2.
Section 3 presents our proposed interval fuzzy C-
means (IFCM) algorithm and its application analysis.
In Section 4, we present our experimental results.
Finally, the conclusion is drawn in Section 5.

2 Theoretical Review

2.1 MBP Neural Network

For the basic Back Propagation (BP) neural network,
the training sample contains the missing attribute,
besides, the error between the prediction output and the
expected output of the output layer of the missing
attribute cannot be calculated. Therefore, the weights
and thresholds of the neural network cannot be
adjusted. But in the testing process of MBP neural
network, the output of the output layer uses the
network to fill in the missing attribute data of the
estimation of missing attribute. The average value of
all integrity property valuation error is replaced by the
estimation error of missing attribute, in order to satisfy
the network weights and thresholds for correction.

After several iterations of learning, the BP neural
network trained with the corresponding missing data is
obtained.

2.1.1 Sample Selection and Optimization

The selection of training samples can greatly affect
the performance of the network. The conditions for
selecting the training samples are as follows: the
number of training samples is large enough, and the
training samples must be complete so that it can
include all the characteristics of the data in the sample.
Selection of training samples. Let s-dimensional
incomplete data set X = (%,%,,..,%,} contain at
least one incomplete datum with some (but not all)
missing attribute values. For missing data sets, the
partial distance [23] of X, and an instance

X, (incomplete or complete) is calculated using formula
(1:

S

Dy=—Y (%, -x, )1, i=12s (1)

a = s
i=1
>
i=1

Where x,, and x, are the i, attribute of X, and X,

respectively, and the value of 7, is 0 or 1. If both x,,
and X, are non-missing, /, is 1; otherwise, /, is 0.

The partial distance formula is used to calculate the

distance, which is between each missing datum and all
other data, and then the distance values are deposited
into the corresponding matrix in ascending order. The
smaller the distance value is, the lager the similarity of
each attribute values is. According to the nearest
neighbor rule, the nearest neighbor sample set is
selected as the preparatory training sample set. The
selected nearest neighbor sample set contains not only
the complete data, but also the missing data. This
selection method can let the missing data as training
sample to estimate the missing attribute. Furthermore,
it can make full use of both the complete and missing
attribute information of the data.
Optimization of training samples. For each missing
data, the missing position of the missing data is
processed by preparatory training sample set. In this
paper, the sample set of optimization is used as the first
half of the training sample set, and the original training
sample set is the latter part of the training sample set.
The network will be fine tuned using the latter part of
the training sample, so that the performance of the
network to get the overall improvement.

As shown in Figure 1, for a randomly generated 2-
dimensional data set X , which contains 10 data
samples and the first dimension attribute of the sample
data (?, 0.1) is missing. It is represented by the
horizontal line and others are represented by dots. Due
to the existence of missing attributes, the partial
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distance formula is used as the similarity measure of
the missing samples and all the other samples. In this
case, calculate the partial distance values of the
missing samples (?, 0.1) and the other nine data
samples. The smaller the partial distance value is, the
more the similarity is. According to the similarity of
each sample and missing data values in descending
order, and the large similarity of the data samples is
selected as the pre-training sample set. Four larger
black points, which are represented by the similarity
measure, are selected as the nearest neighbor sample
set for missing data samples in Figure 1.
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Figure 1. Selection of training samples

2.1.2 Sample Selection and Optimization

In the acquisition of data samples, because some
interference factors will produce missing data sample,
overmuch missing data samples for neural network
training leads to serious influence that affects the
performance of the neural network. Therefore, the
preprocessing of the missing data is an important part
of the training phase of the neural network. MBP
neural network algorithm process is as follows:

Stepl: Normalize input data set, that is, all the data
are converted to a number of interval [0, 1].

Step2: Determinate and optimize training sample.

Step3: Initialize network. Determine the input nodes
n, hidden nodes / and output nodes m; initialize the
network weights w,, w, and the thresholds a and b;

determine the maximum number of training M, error
accuracy &, and learning rate 7.
Step 4: Calculate hidden layer output sH using (2).

hj=f(?zw”xi]i_a_i),j=1,2,...,l )
i=1

Where 1=>1 3)

O]

=

0, if x, is missing;
1, otherwise

where x; is the i, attribute of x respectively, n//

is Input layer node number recovery factor, and
implicit layer excitation function f is as follows:

1
I+e ™™

f(x)= 5)

Step 5: Calculate the outputs of the neural network
O using (6).

/
O,=> Hw,—b), k=12,...m (6)

J=1

Step 6: Calculate error e, using (7).

e,
e =
‘ Yk_Ok’

where Y, is k, attribute of sample expected output,

FYismissings 3o w ()
otherwise

O, is k, attribute of sample expected output, and e is

the mean of the actual output and the expected output
error of all the complete attributes of the data sample

Y.
Step 7: Update network weights w; and w using

(8) and (10).

w; =w; +11H (1 _Hj)x(i)]iZW/'kek
1

®)
i=1,2,...mj=12,...,1
0. if x. is missing:

/= if x, is missing )
1, otherwise

Wy =W, +77Hjek,j=l,2,..‘,l,k=1,2,...,m 10)

Step 8: Update threshold a and b using (11) and (12).

a,=a,+nH ,(1-H)Y we,, j=12,...,1 (11)
k=1
by=b +e.k=12,...,m 12)

Step 9: Terminate the iterations if e<g, or
iteration number is greater than the maximum number
of training; otherwise, increase the iteration (/=1+1)
repeat steps 3 through 9.
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2.2 Interval Valued Fuzzy C-means (IFCM)
Clustering Algorithm

FCM algorithm. The FCM algorithm proposed by
Bezdek purposes is to partition a numerical object data

set X={x,x,,....,x,}c R’ into c clusters. The
objective function of the interval FCM is:

C n
JUY=D> |l x, v, 1 13)

i=1 J=1

with the constraint of

Du,=Lk=12,...,n (14)

i=l1

The updating formulas of the membership degree
u,, and the cluster prototype v, are as follows:

n
m
Zuikxk
_ el

,i=1,2,...,c, 15)

1 -1
el i=1,2,...,c;
—| e I =[5 ) PEHEG g6
ik Z( k_ Hi ’ k:1,2,...,l’l; ( )

IFCM algorithm. The IFCM algorithm is used to
cluster analysis of interval valued data sets in this
paper. Let }={x_1, x_z,...,x_n} be interval valued data
sets, n be the number of data sets, and data sample
x_j(ISan) expressed as x_j:[;j, E,...,E]T, and
each attribute value in the data sample i, is expressed

as the interval, which is x, =[x, x;J(1<k <s). Data

set X is divided into ¢ classes, and its clustering
center is expressed as V =[V,]=[v,,v,,...,v.], where
v = il (=12, .0 k=1,2, ..., 9).

In many applications it is useful to use the median
instead of the mean to measure the center of a group.
Essentially, one uses the median because it is not
sensitive to outliers, but this robustness comes at a
price: computing the median takes much longer than

computing the mean. Sometimes one finds the median
as a step in a larger iterative process (like in many

optimization algorithms), and this step is the bottleneck.

Therefore, we use the mean to measure the center of a
group to avoid time consuming and to meet the need of
real time processing. The basic flow chart of the [FCM
is shown in Figure 2.

c:=number of clusters
n:=number of points
4
Create centroids
M matrix(cxn)

d
<

y
Distance objects
to centroids

Update the centroids
Update the matrix

\ 4
Grouping based on
Membership Function

No object
moves to
group?

Figure 2. The basic flow chart of the IFCM

The main process of the IFCM algorithm is as
follows:

Step 1: Initialize network, set clustering number
c(2<c<n), where n is data sample size, and G is the
maximum iteration number; determine fuzzy weighting
coefficient m and iterative termination threshold &, and
initialize the partition matrix U*.

Step 2: Update formula of clustering center,
according to U"™", when the iteration to /(/ =1,2,...)

) . —)-
times, and calculate the left interval value /'~ and the

. . =) . =)
right interval value V " of clustering center V

using (17) and (18).

n
Z% X;
- Al .

v, =—,i=1,2,...,¢ a7
2.1y
Jj=1
2y

v =L i=1,2,....c 18)

==
m
Zuij
=

Step 3: Update the membership matrix, according to

7", update the membership matrix U using (16)

and (19).
0,ih (19)
u, =
Y o\Li=h
Step 4 Terminate  the  iterations  if
max |[U""Y —U" K¢, or iteration number 1>G ;

otherwise, increase the iteration (/ =1+1) repeat steps
2 through 4.
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3 MBP-IFCM Algorithm for Incomplete
Data Clustering

3.1 Conversion between Missing Data Sets
and Interval Data Sets

The interval estimation of missing attributes. The
estimation error of complete data which is calculated
by MBP neural network is used to determine the
estimation interval of missing values. In the prediction
stage of MBP neural network, the estimation value of
missing attributes can be obtained by the output value
of MBP output neurons. So does the estimation of
complete data. Therefore, for the complete data, the
discrepancy between expected output value and actual
output value is obtained by the squared error measure.
It can be used to get the maximum absolute error that
the estimated value is less than the expected value, and
the maximum absolute error that the estimated value is
greater than the expected value. And the two largest
absolute errors are defined as the boundary value of the
left and right boundaries of the missing attribute. It can
limit the value of the missing attribute to a reasonable
range.

Let 4-dimension incomplete data set X =
{X,, X,,...,X,}, with s missing attributes. The third

attribute value x,, of the data sample X, = (0.3889,

0.7500, ?, 0.0833) is missing. After the valuation of the
MBP network, the output value is X ;= (0.3995,
0.6931, 0.1132, 0.0879). The maximum value of the
error absolute value, which is determined by the
estimated value of the full property that is less than the
expected output value, is e, =0.056. And the
maximum value of the error absolute value, which is
determined by the estimated value of the full property
that is greater than the expected output value, is
e, =0.0106. Thus, the missing attribute value

interval is [0.1132-¢,,, ,0.1132+¢, ],  that is

[0.0563, 0.1238].

As shown in Figure 3, e represents the estimated
value of the MBP network for missing attributes, e,
represents the left boundary value for the missing
attribute value range, and e represents the right
boundary value for the missing attribute value range.

After normalization, all the attributes of the data
sample are between 0 and 1.

I N O BN
0 IéValuation rang9| 1

(5
e

Figure 3. Determination of missing attribute value
range

Conversion of interval valued data sets. The missing
attribute is estimated through the MBP network, and
then the numerical value of the missing attribute is
converted into interval valued by the estimation error
of full attribute with MBP network. Therefore, all of
the complete attribute values of missing data need to be
transformed into interval valued. A multistep
transformation process is as follows:

Step 1: Estimate the missing data using MBP
network, and obtain the estimated value error between
the missing attribute and complete attribute.

Step 2: Compare each complete attribute value error
of missing data samples to get the maximum error
absolute value e, that the estimated value of the full

property is less than the expected output value, and the
maximum error absolute value e that the estimated

value of the full property is greater than the expected
output value.

Step 3: Convert the numerical value of the missing
attribute to interval valued estimation, and missing
attribute value interval is [e—e, .,e+e, ], that is

le,e.].
Step 4: Judge whether the valuation range of the
missing attributes in the [0, 1]. If ¢ <0, set the value

of the missing attribute to the left boundary value to 0;
if e <1, set the value of the missing attribute to the

left boundary value to 1.

Step 5: Express the missing data in the full range of
all the properties expressed as interval, that is, the left
and right boundaries of the interval are equal and they
are the original value of the full property.

3.2 MBP-IFCM Algorithm

The MBP-IFCM algorithm is first used to process
the missing data sets and the estimated value of the
missing attribute. Furthermore, the numerical value is
converted into the form of interval. Besides, the full
property is also transformed into an interval. Finally,
the analysis of interval valued data sets is carried out.
The flow diagram is shown in Figure 4 and the
concrete steps are as follows:

Step 1: Normalize the input data set. Turn all the
data into a number between 0 and 1, so as to eliminate
the difference between the number of dimensions of
data.

Step 2: Determine and optimize the training samples.
The similarity of each sample and the other is
calculated by using the partial distance formula. The
nearest neighbor training sample set based on nearest
neighbor rule is determined for each missing attribute.
The missing data processing is done for the
corresponding properties of the nearest neighbor
training sample, which is determined by the location of
the missing attribute of each sample. Then, take the
collection set of optimized training and original
training as the training sample set.
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MBP Network Initialization

[« Update the weights|
v and thresholds
Calculation the the deltas of A
all output and hidden neurons.
| Solve mean error e |
+ No
’Is MBP Satisfactory?
Yes

| Estimate the missing attriubutes by MBP Network

| Data clustering by IFCM

End

Figure 4. The flow diagram of MBP-IFCM algorithm

Step3: Initialize the network. Determine the
numbers of nodes n,/,m, and initialize weights

Wy, Wy and a, b. Determine the maximum number of

training M , error accuracy ¢,, and learning rate 7.

Step 4: Train the MBP network. Using the training
sample set of the missing attributes to train the MBP
network, and the neural network is trained for each
missing attribute.

StepS: Estimate the missing attribute. Using the
trained MBP network to estimate the value of each
attribute, and then get the estimated value of the
missing attribute and the estimated value of the
complete attribute in the missing data via the MBP
network.

Step 6: Determine the value of the missing attribute
interval. Calculate the error between the estimated
value and the expected output value of the full attribute,
and get the maximum error absolute value e,, where
the estimates value is less than the expected value, and
the maximum error absolute value e , where the
estimated value is greater than the expected value. The
two maximum errors absolute values of ¢, and e, are
used as the left and right boundary values of the
missing attribute values. Furthermore, it guarantees to
be obtained in the range of 0 to 1. Thus the value of the
data can be gotten to focus on all the missing attributes
of the valuation range [e,,e. ] < [0,1].

Step7: Transform valuation range data set. All the
integrity of the data set x; is converted into the form

. - - _ ot
of interval [x,,x;], and x, =x,=x;. Convert the

entire numerical data set into the valuation interval data
set.

Step 8: Initialize parameters of IFCM, determine the
clustering number ¢, the maximum number of

iterations G, the fuzzy weighting coefficient m and the

iterative  termination threshold &, and initial

membership matrix U'” .
Step 9: Update formula of clustering center:
according to U"™", when the iteration to /(/ =1,2,...)

times, calculate the left interval value V"~ and the

right interval value V" of clustering center V'
using (16) and (17).

Step 10: Update the membership’s
according to V", namely, update the memberships
matrix U using (15) and (18).

Step11: Judge the algorithm whether satisfies the
terminated condition. Terminate the iterations if

max |U""Y —U'|<e , or iteration number 1>G ;

matrix:

otherwise, increase the iteration (/ =/+1) repeat steps
9 through 11.

4 Experimental Results and Discussion

4.1 Experimental Results

Three data sets of the UCI database: Wine, Bupa,
Breast and two artificial data sets are selected to
perform the simulation experiments. The information
of data sets is shown in Table 1.

Table 1. The information of data sets

The data sets Number of Number of Number of

samples  attributes classes
Wine 178 13 3
Bupa 345 7 2
Breast 683 9 9
Artificial data sets 1 200 N/A 2
Artificial data sets 1 350 N/A 3

UCI data sets. The Wine data set, which contains 178
data points, is the results of a chemical analysis of
wines grown in the same region in Italy but derived
from three different cultivars. The analysis determined
the quantities of 13 constituents found in each of the
three types of wines.

The Bupa Liver Disorder data set contains 345
samples in six-dimensional space. The first five
attributes are all blood tests which are thought to be
sensitive to liver disorders that might arise from
excessive alcohol consumption. Each data point
constitutes the record of a single male individual, and
the data set has two clusters. Namely, the two output
clusters are liver disorder patient and normal patient
that are represented by 0 and 1 respectively.

The Breast data set contains nine attributes
describing the details of each case. Besides, two
additional attributes are sample code number and class
attribute: malignant and benign.

Artificial data sets. Two artificial data sets are
generated using the data generation method given by B
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A Pimentel [24]. The artificial data set I contains 200
samples that are divided into two clusters, each of
which contains 100 data samples in two-dimensional
space. The artificial data set II contains 350 samples
that are divided into three clusters, each of which
contains 50, 80, 220 data samples in two-dimensional
space.

The data sample points are subject to an independent
two-dimensional normal distribution, and the
expectation and variance matrix of the two artificial
data sets are defined as follows:

2
u| ™ | and ¥ 7 02
u, 0 o

The data sample points of each class in the artificial
data set I are generated according to the following
parameters:

(1) The first category: u, =3,u, =5,07 =1,05 =2.

(2) The second category: u, =6,u, =8, 0, =1,0; =2.

The data sample points of each class in the artificial
data set Il are generated according to the following
parameters:

(1) The first category: u, =48,u, =25, 07 =4, 0, =2.

(2) The second category: u, =60,u, =30,0, =9,
o; =25.

(3) The third category: u, =45,u, =38,0, =16,

o; =16.
4.2 Discussion

The experimental results of the method in this paper
(MBP-IFCM) are compared with the method WDS-
FCM, PDS-FCM, OCS-FCM, NPS-FCM, and MBP-
FCM proposed by Wang [21], thereby to verify the
effectiveness of the method in the paper. The missing
rate is taken as 5%, 10%, 15% and 20%. Experimental
results are shown from Table 2 to Table 8, and the
optimal results are marked by bold types.

Table 2. Averaged number of misclassification results
of 10 trails using incomplete Wine data set

The average number of misclassification

Table 3. Averaged number of misclassification results
of 10 trails using incomplete Bupa data set

The average number of misclassification

%missing WDS- PDS-  OCS- NPS-  MBP-
FCM FCM FCM FCM IFCM

5 1774  177.2 177.5 177.2 176.2

10 176.4 177.0 176.6 177.0 176.4

15 177.8 178.5 177.5 178.4 176.7

20 178.3 179.1 177.4 179.0 176.0

Table 4. Averaged number of misclassification results
of 10 trails using incomplete Breast data set

The average number of misclassification

%missing WDS-  PDS- OCS-  NPS- MBP-
FCM FCM FCM FCM IFCM
5 51.3 30.9 31.8 31.9 29.1

10 73.1 31.0 31.7 31.8 29.2
15 65.1 33.6 333 329 30.2
20 64.0 34.1 36.2 34.7 29.3

Table 5. Averaged number of misclassification results
of 10 trails using incomplete UCI data set

The average number of misclassification

%missing Wine Bupa Breast
MBP- MBP- MBP- MBP- MBP- MBP-
FCM IFCM FCM IFCM FCM IFCM
5 9.3 93 1765 1762 295 29.1
10 9.7 9.6 1769 1764 29.2 29.2
15 104 10.0 178.0 176.7 30.5 30.2
20 9.9 9.7 177.3 176.0 30.3 29.3

Table 6. Averaged number of misclassification results
of 10 trails using incomplete artificial data set

The average number of misclassification
artificial data sets 1 artificial data sets 2

%missing

MBP- MBP- MBP- MBP-

FCM IFCM FCM IFCM
5 6.8 5.9 28.5 28.1
10 7.1 8.0 38.0 335
15 10.4 10.1 41.6 40.6
20 13.9 12.3 60.9 47

Table 7. Averaged iteration number results of 10 trails
using incomplete UCI data set

%missing WDS- PDS-  OCS-  NPS- MBP-
FCM  FCM FCM FCM IFCM

5 10.3 10.0 10.0 9.9 9.3

10 12.7 10.2 10.7 10.1 9.6

15 21.8 12.4 13.2 12.5 10.0
20 45.2 12.0 12.7 11.9 9.7

Iteration Number
%missing Wine Bupa Breast
MBP- MBP- MBP- MBP- MBP- MBP-
FCM IFCM FCM IFCM FCM IFCM
5 255 256 412 408 147 152

10 251 28,6 420 396 14.7 148
15 271 279 420 427 154 158
20 277 272 446 43.0 150 163
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Table 8. Averaged iteration number results of 10 trails
using incomplete artificial data set

Iteration Number
artificial data sets 1 artificial data sets 2

%missing

MBP- MBP- MMBP- MBP-

FCM IFCM FCM IFCM
5 124 13.0 40.9 42.6
10 13.8 13.1 44.8 474
15 14.2 15.0 49.5 52.4
20 15.2 15.0 50.6 52.7

MBP-FCM algorithm adopts numerical value

estimation, which does not make full use of data set
information and causes loss of information, which
could degrade the clustering performance. Compared
with the method, MBP-IFCM utilizes the information
of interval value estimation, which can use the attribute
distribution information of data sets sufficiently to
training the improved FCM for each missing attribute,
thereby improves the accuracy of clustering results.

The results presented in Tables 2 and 5 show
misclassification results of WDS-FCM, PDS-FCM,
OCS-FCM, NPS-FCM, and MBP-IFCM. And the
results presented in Tables 6 and 8 show
misclassification results of MBP-FCM and MBP-
IFCM. Different methods for handling missing
attributes in FCM lead to different clustering results. In
general, the averaged number of MBP-IFCM
misclassification is the least in the case of different
attributes missing rates. The results are slightly worse
than MBP-FCM only when the missing rates of Wine
was 5% and Breast was 10%.

The convergence analysis is shown from Figure 5 to
Figure 9, which describe the change curve between
objective function and iterations of three data sets with
different missing rates by MBP-IFCM. As it can be
seen from these figures, the objective function value is
decreasing with the increasing iteration number. The
algorithm can obtain convergence by optimization
iteration methods on above various data sets with
different missing rates.
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Figure 5. The change curve between objective
function and iterations of Wine data set
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Figure 6. The change curve between objective
function and iterations of Bupa data set
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Figure 7. The change curve between objective
function and iterations of Breast data set

missing%5
— — — missing%10 |
—  —missing%15
------- missing%20 ||

The Value of the Objective Function
~
o

0 2 4 6 8 10 12 14
Iteration Number

Figure 8. The change curve between objective
function and iterations of artificial data set 1
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Figure 9. The change curve between objective
function and iterations of artificial data set 2

5 Conclusions

This paper presents a fuzzy c-means algorithm based
on MBP for clustering analysis. The proposed
algorithm has two main characteristics. Firstly, the
missing attributes are replaced by intervals based on
the nearest-neighbor information, which makes the
estimation of missing attribute more reasonable.
Secondly, an MBP can be trained by incomplete data
set, which can use the attribute distribution information
of data sets sufficiently. Thus, the proposed algorithm
can obtain more reasonable imputations of missing
attributes and more satisfying clustering results. The
experimental results show that the proposed algorithm
has better performance than comparative methods in
accuracy and more effective when it is applied to the
incomplete data classification.
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