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This paper proposes a new approach based on missing value pattern discovery for classifying
incomplete data. This approach is particularly designed for classiﬁcation of datasets with a small
number of samples and a high percentage of missing values where available missing value treatment
approaches do not usually work well. Based on the pattern of the missing values, the proposed approach
ﬁnds subsets of samples for which most of the features are available and trains a classiﬁer for each
subset. Then, it combines the outputs of the classiﬁers. Subset selection is translated into a clustering
problem, allowing derivation of a mathematical framework for it. A trade off is established between the
computational complexity (number of subsets) and the accuracy of the overall classiﬁer. To deal with
this trade off, a numerical criterion is proposed for the prediction of the overall performance. The
proposed method is applied to seven datasets from the popular University of California, Irvine data
mining archive and an epilepsy dataset from Henry Ford Hospital, Detroit, Michigan (total of eight
datasets). Experimental results show that classiﬁcation accuracy of the proposed method is superior to
those of the widely used multiple imputations method and four other methods. They also show that the
level of superiority depends on the pattern and percentage of missing values.
& 2009 Elsevier Ltd. All rights reserved.
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1. Introduction
Missing value is a common problem in real-world data
processing and pattern recognition. Management of missing
values becomes critical when the number of available samples
is small [1]. Modifying an algorithm primarily designed to work
on complete datasets to work on incomplete datasets is a
challenge. In general, an appropriate strategy based on the
ultimate processing goal may be developed. However, in the case
of datasets with a small number of samples, not only the ﬁnal goal
but also the percentage and the distribution of missing values
should be considered in algorithm development [2,3].
Traditional missing value management methods are based on
the preprocessing of the data independent of the ﬁnal goal and the
associated processing scheme. In these methods, the missing
values are estimated or the deﬁcient samples are removed [1].
Although in this approach the data processing algorithm does not
need to change, the data is not efﬁciently used, especially when a
large portion of the samples have missing features. Modern
missing value management methods are designed for speciﬁc
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applications and associated processing schemes where missing
value management is integrated into the processing scheme [4].
These algorithms either apply multiple data processing stages,
e.g., multiple imputations or somehow avoid the unknown values
in the processing scheme, e.g., decision trees.
Although modern algorithms are shown to be successful in
different applications, their proposed solutions are not designed
to deal with a high percentage of missing features or a large
number of systematic missing values that are frequent scenarios
in some data categories such as medical datasets [1]. The main
challenge arises from insufﬁcient statistical power after the
missing values are imputed. In this situation, the following
questions arise:

 How to measure the complexity of the missing values?
 How to work with the missing values when imputation of the
missing values is inappropriate?

 How to manage the missing values when the same features are
missing in the test and training samples?
This paper proposes a new approach, named selection–fusion,
based on the subspace classiﬁcation method. In the proposed
approach, missing value management is integrated not only in the
training but also in the testing of the classiﬁer. To this end, a set of
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classiﬁers are trained on the subspaces of the original feature
space and then clustered using a distance metric. The best
classiﬁers in each cluster, depending on the testing data, are
combined to construct the overall classiﬁer and estimate the
ﬁnal output.
The proposed approach is compared with the multiple
imputations method as the most similar incomplete data processing method. Our major contributions can be summarized as
follows:

 As part of the algorithm, we deﬁne a quantitative measure for




the complexity of the missing values. Based on this measure,
the usefulness of the algorithm for a particular dataset can be
evaluated.
We consider missing values in both of the training and the
testing datasets without ﬁlling the missing values.
We show that the proposed approach can be efﬁciently
implemented for the support vector machine classiﬁers.

The rest of the paper is organized as follows. In the next section,
we review the state-of-the-art for incomplete data processing.
Details of the proposed selection–fusion method and its application to missing value management are described in Section 3. In
this section, we address the above three challenges using multiclassiﬁer fusion. We describe how each classiﬁer is selected and
how the results are combined to boost up the performance. The
experimental results are presented in Section 4. We highlight the
application areas of the new method and also discuss its
limitations in Section 5 and conclude the paper in Section 6.

2. Related work
In a missing value problem, considerable portions of the data
ﬁelds may be incomplete. To describe the seriousness of the data
deﬁciency, the primary question in a typical missing value
problem is ‘‘the missing value pattern.’’ For example, in
Pneumonia data described in [6], on average 6.3% of the feature
values are missing while one individual feature is missing for 61%
of the cases. On the other hand, in C-Section problem [6], only
1.2% of the feature are missing, while 27.9% of the cases have at
least one missing feature. However, these ﬁgures do not provide
clear ideas about the complexity of these problems. In fact,
despite a smaller percentage of the missing values, the second
problem is more complicated than the ﬁrst.
To describe the complexity of a missing value pattern, some
statistical models are used in the literature. Missing completely at
random (MCAR) and missed at random (MAR) are the models most
frequently used in the database literature. Although due to their
simplicity, they are not always realistic models for the real-world
problems, they provide relative measures of complexity. The
missing value for a random variable X is MCAR if the missing
probability is independent of the actual value of X or the values of
the other features. The missing value is called MAR if the missing
probability is independent of the value of X after controlling the
other variables. Missing values due to equipment malfunction is
an example of the MCAR well-described pattern. However, in
many real-world applications, MAR is a more realistic model than
MCAR [2].
Generally speaking, there are ﬁve classes of well-established
strategies to deal with the missing values: (1) discard the
incomplete samples (e.g., pairwise deletion [2]); (2) avoid the
missing features by dynamic decisions (e.g., decision trees such as
CART [7]); (3) recover unknown values from the similar samples
(e.g., Expectation Maximization (EM) [8]); (4) insert possible values
for the missing features, classify after each insertion and combine
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the classiﬁcation results (e.g., Multiple Imputations (MI) [9]); and
(5) design multiple classiﬁers on the subsets of the data and
combine the classiﬁcation results (e.g., ensemble classiﬁers [17]).
Discarding the incomplete samples and ﬁlling the missing
values are very simple but undesirable methods for a dataset with
a small number of samples and a large percentage of missing
values. The former approach may discard signiﬁcant amount of
information when the number of samples is limited and the latter
approach may add considerable distortion to the data when the
percentage of the missing values is high.
Recovering the missing values form the other samples, also
called single imputation, is the traditional approach for the
treatment of incomplete datasets with a small number of samples.
Many single imputation methods have been proposed over the
years. Decision tree imputation [7], nearest neighbor imputation
[10], and mean value substitution [11,12] are examples of
classical imputation methods. These methods are only valid
under speciﬁc assumptions such as MCAR assumption for the
mean value substitution approach or dense sampling for the
nearest neighbor imputation approach. Bayesian missing value
treatment is a modern approach that replaces the missing values
with the most probable values [8].
From the classiﬁcation point of view, there is a common
problem in all traditional missing value treatment methods: they
provide a solution independent of the ultimate goal. Multiple
imputations (MI) method [1,9] is an alternative solution that uses
Monte Carlo simulation to generate more than one imputation of
the missing values. However, the MI usually implies several
assumptions on the data distribution such as joint normality [13]
and regression relationships [14]. Application of MI is particularly
favorable when the number of samples is relatively small (100
cases or less). Markov Chain Monte Carlo (MCMC) method is a
successful MI method for datasets with a small number of
samples [13–15].
Recently, ensemble classiﬁers technique has been shown to be
a valuable tool for missing value management. In this approach,
the results of multiple weak classiﬁers are combined to boost-up
the performance. Different groups have shown effectiveness of
this approach for general classiﬁcation problems [16,17]. Recently, it has also been applied to the missing value problem [18].
Despite its advantages, this approach suffers from two major
limitations in its application to the missing value problem: (1)
lack of mathematical framework for the selection of the weak
classiﬁers and (2) handling of the missing values in the testing
data. In this paper, we overcome both of these limitations.
From the performance point of view, the most effective
ensemble approach in the literature utilizes fusion. In this
approach, outputs of a s et of inaccurate classiﬁers are combined
to generate highly accurate classiﬁcation results. A simple
implementation of this idea, also known as selection–fusion
(SF), trains each classiﬁer on a random subset of data [19]. This
implementation is shown to be effective for small datasets and
improve the performance compared with traditional methods.
However, in the large datasets, since the number of possible
classiﬁers increases quickly, this implementation of fusion would
not work well. A systematic method to ﬁnd an optimal set of
classiﬁers, as proposed in the paper, solves the problem using a
manageable number of classiﬁers. In addition, when there are
missing values in the data, as is the case in this paper, random
selection of the subsets is inapplicable.
In general, both of the testing and training datasets may have
missing values. When a feature is missing in the testing data,
ﬁlling the missing value is the most common approach [19,20].
The advantage of the ﬁlling method has been mostly discussed
under certain conditions like the MCAR model and a sufﬁcient
sample size. Apparently, the performance degrades if these
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assumptions are invalid [21,22]. Dealing with the missing value in
the testing phase may be completely different from the training
phase. In the statistical methods, these two phases are not
necessarily separated. However, in the classiﬁcation and machine
learning methods, they are separated.
In summary, the conventional missing value treatment algorithms either estimate the unknown values or remove the
deﬁcient samples. Estimation of the unknown values needs
particular assumptions about the data distribution. Obviously,
any unrealistic assumptions may bias the results. On the other
hand, removal of samples form the training pool reduces the
statistical power of the classiﬁcation process. Therefore, both
approaches are suboptimal.

3. Proposed method
3.1. Classiﬁcation of a dataset with missing values
We use the ensemble classiﬁers idea to overcome the
limitations discussed in the previous section. We use a pool of
classiﬁers each trained using a portion of the original data called a
subset. In other words, a subset is a collection of the samples that
have complete data for a speciﬁc subset of features. As such, each
subset is identiﬁed by a set of samples and a set of features. The
subsets are selected such that each subset has no missing values
and a collection of the subsets includes all of the samples in the
original data. By training multiple classiﬁers using the data in the
individual subsets, a set of completely trained but weak classiﬁers
are constructed. If the subsets are selected properly, the results of
the weak classiﬁers may be combined to build a strong classiﬁer.
This step is called fusion (see Fig. 1).
Selection of the subsets is the most challenging part of the
proposed selection–fusion algorithm. Each subset is deﬁned as a
set of samples and a set of features from the original data. Since a
large number of samples are always desirable for classiﬁer
training, given a feature set, it is desirable to ﬁnd the largest
number of samples for each subset. We refer to such subsets as
the complete subsets. Each subset of the original features
corresponds to an empty or a unique complete subset. Therefore,
there are at most 2n(F)  1 non-empty complete subsets for a data
with n(F) features.
There is a trade off between the set of features and the set of
samples in a subset. Adding a new feature may cause removal of
some samples from the subset and vice versa. On one hand, a
small sample size does not allow efﬁcient training of the classiﬁer.

On the other hand, a small number of features limit the classiﬁer
accuracy. However, by balancing the feature set versus the sample
set, the performance of the classiﬁer may be optimized.
Moreover, the fusion performance depends not only on the
performance of the individual classiﬁers but also on the diversity
of the classiﬁers. The performance of the ﬁnal classiﬁer will
depend on the way the subsets are selected and the way the
results of the weak classiﬁers are combined. Variation in
the performance of the classiﬁers that are combined can improve
the performance of the ensemble classiﬁers [5]. For example, in
the case of two primary classiﬁers, if the ﬁrst one works
signiﬁcantly better in one part of the feature space and the
second one works signiﬁcantly better in another part of the
feature space, classiﬁer aggregation has the potential to improve
the classiﬁcation performance by selecting the ﬁrst classiﬁer in
the former part of the feature space and the second classiﬁer in
the latter part of the feature space. Of course, achieving this limit
needs additional information on the relative performance of the
classiﬁers which is not always available. In other words, good
performance is achieved when the individual classiﬁers are
trained on speciﬁc but disjoint parts of the feature space. It is
also desirable to have at least one good classiﬁer for each part of
the feature space.
To formulate the missing values, assume S represents the
original data and n(S) represents the total number of samples.
Deﬁne a n(S)  n(F) binary matrix M whose elements are

0 the jth feature is missing in the ith sample;
ð1Þ
Mi;j ¼
1 otherwise
and a 1  n(F) binary vector h whose ith element is 1 if the set
includes the ith feature. Also, deﬁne Sh to refer to the complete
subset from S associated with the h subset. A simple scenario with
just one missing value (the ith sample and the jth feature) is
demonstrated in Fig. 2. In this case, two complete subsets cover all
of the samples.
Since there are multiple classiﬁers, a notation is needed to
distinguish different classiﬁers. To this end, G(x; O) is used to
show the result of a classiﬁer trained by O dataset for a test
sample x. Here, G is a function from the sample space to the class
label space (Rn(F)-N) where N is the set of natural numbers.
When a feature is missed in x, G imputes the missed value with
the average value of the feature. In the case that all features used
by G are missed, the output is set to an out-of-range value so that
it is discarded later. Although the proposed approach can be
extended to the multiclass classiﬁcation, for the sake of simplicity,
we present the method as applied to the two-class classiﬁcation.

Fig. 1. Selection–fusion approach: Overall view of the proposed two stage classiﬁcation approach. In the selection stage, a set of classiﬁers are trained on different feature
spaces (subsets). In the fusion stage, the results of the classiﬁers of the selection stage are combined.
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Fig. 2. Subsets in the feature space: In the very simple case of just one missing value, two subsets can be used to cover all of the samples.

Selection of the subsets and combination of the results are
nontrivial problems as they directly impact the performance of
the ultimate classiﬁer. These two problems are addressed in the
following sections.

3.2. Selection of the subsets
Generally speaking, it is desirable to cover the entire data with
as few subsets as possible. Each subset should be large enough
(with enough number of samples) to train a classiﬁer. Also, the
classiﬁers need enough features in each subset to make a good
decision about the class labels. Obviously, certain subsets such as
those with all features but a small number of samples or those
with a small number of features even with a large number of
samples are not desirable.
Using the above notations, the proposed selection–fusion
classiﬁcation is formulated as follows: In the ﬁrst step (selection
step), a set of m feature subsets {h1,y,hm} corresponding to a
set of complete subsets {Sh1,y,Shm} is selected. After training a
classiﬁer for each subset, the results are denoted by {G(x;
Sh1),y,G(x; Shm)}. Using these class labels in the fusion step, a
decision is made about the most likely class label for each data
sample.
It has been shown that for a constant average performance, the
maximum achievable performance in the ensemble classiﬁcation
is achieved when the variance of the results of the primary
classiﬁers are at a maximum [5]. In other words, the best
P
2
performance is obtained when
i;j;k ½Gðxj ; yk ÞGðxj ; yi Þ is maxP
imized under the constraint that
i;j Er½yj ; Gðxj ; yi Þ is a constant
where Er[U] is the error function and yj is the correct class label for
xj. The lowest achievable error for the ultimate selection–fusion
P
classiﬁer is j mini ðEr½yj ; Gðxj ; yi ÞÞ if meta information is available
about the best primary classiﬁer for a test data. However, since
the best classiﬁer for a speciﬁc test sample is not predictable, this
limit is not achievable.
Based on the above, the proposed method
_
_starts with a pool of
complete subsets represented by B ¼ ½h1 . . . hnðBÞ T . The pool size,
n(B), can be relatively large even close to 2n(F)  1 (maximum
number of complete subsets). Having this set of subsets, each
element of a so-called co-accordance binary matrix A is deﬁned as
(
1 jth sample is in Syi
ð2Þ
Ai;j ¼
0 jth sample is not in Syi

where A is a binary matrix that shows the inclusion of particular
samples in particular subsets. The diversity of two subsets relates
to the number of their common samples. The more common
samples they have, the less diversity they have. On the other
hand, independencies of the samples and a small number of
common samples result in high diversity. Next, a symmetric
similarity matrix C is deﬁned as
C ¼ AAT

ð3Þ

Here, C includes the number of common samples between each
two subsets. To generate a similarity metric, a normalized version
of C is deﬁned as
C i;j ¼

Ci;j
maxðCi;i ; Cj;j Þ

ð4Þ

The similarity between each two subsets is a scalar between 0 and
1 and the self similarity of each subset is 1. From the maximum
variance rule for ensemble classiﬁcation, the choice of the subsets
should maximize the diversity between each pair of the subsets.
This choice is a difﬁcult NP-complete problem [12] and is not
well-studied [10]. To translate this problem into a well-studied
clustering problem, a dual difference matrix D is deﬁned as
Di;j ¼

1C i;j

ð5Þ

1 þ C i;j

Using this distance measure, the selection problem can be solved
from a different point of view: the well-known clustering
methods. Each cluster is a collection of similar subsets with small
distances or almost identical information. The kth cluster is
represented by a set of subset indices Lk. By selecting the best
subset from each cluster, a set of subsets that satisﬁes the
maximal diversity criterion while maximizing the overall performance can be obtained.
3.3. Quality measure for the selection step
Now that subset selection is translated into a clustering
problem, we apply the well-known k-means clustering algorithm.
Then, to evaluate the quality of the resulting clusters, we apply
the following Cluster Validity Index (CVI):
9
8P
=
<
i;j A Lk Di;j
ð6Þ
CVI ¼ Ek P
: i;j A Lk Di;j ;
j=
2Lk
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where Ek(.) represents expectation over k and Lk is a set showing
subsets in the kth cluster.
In the clustering context, this cluster validity index shows
whether there are signiﬁcant clusters in the data or not. When
clusters are completely separated, CVI is very small, near 0. In the
worse case, when there are no distinct clusters, CVI is around 1. In
our application, this index shows whether a speciﬁc collection of
subsets represents a complex or simple missing value pattern.
Simple missing value patterns correspond to well-separated
subset clusters and consequently smaller CVI. We use 1/CVI on a
linear scale to generate a clear separation when CVI is small. The
more samples per feature are found by the clustering algorithm,
the better the generalization of the classiﬁers would be. Thus,
there is a direct relationship between the quality of the clustering
results and the ultimate performance of the classiﬁcation process.
Once the subsets are chosen, a classiﬁer is needed for each
subset. Selection of the best classiﬁer for each subset is discussed
in [8,10]. In this work, as a widely-used and generally wellperformed method, we use the support vector machine (SVM)
classiﬁer in all of the experiments. Note that the focus of this
paper is not on the optimal classiﬁer design for the subsets.
3.4. Fusion step
Similar to the traditional multiple imputations approach, the
fusion step in the selection–fusion algorithm combines the results
of the individual classiﬁers to boost-up the overall classiﬁcation
accuracy. In multiple imputations, the results are combined in a
simple fashion:
q

GMI ðxÞ ¼

1X
Gðx; Ii Þ
qi¼1

ð7Þ

where Ii is the ith imputation of the incomplete data and q
represents the number of imputations. The number of required
imputations is estimated by the Rubin’s imputation efﬁciency law
quantiﬁed by [12]
1

efficiency ¼

ð1 þ g=qÞ0:5

ð8Þ

where g is the fraction of the missing values in the data. The
efﬁciency is a value between 0 and 1 and shows the performance
of q imputations compared with the inﬁnite number of imputations. When q is small compared with g, increasing q improves the
efﬁciency. However, when q is large enough, its further increments do not improve the efﬁciency considerably. This criterion
may be used to select appropriate number of imputations.
The fusion step in the proposed selection–fusion method is
different. Here, the distribution of the missing values in the
feature space is used to improve the performance. In contrast to
the multiple imputations where all imputations have the same
weight, in the proposed approach, the classiﬁcation accuracy of
each classiﬁer for a given testing sample is used to weigh the
outputs. Since a subset of samples and features, not the whole
data, is involved in the training of each classiﬁer, a speciﬁc subset
may be advantageous depending on the sample being tested.
Thus, in the fusion step, the aggregation step is the weighted
combination:
nðBÞ
X
1
1
Gðx; Syi Þ
i 1=ji;x i ¼ 1 ji;x

GBB ðxÞ ¼ P

ð9Þ

where ji;x is the relative inaccuracy or expected error of Gðx; Syi Þ
estimated at x which depends on the accuracy of Gð:; Syi Þ around x
and the number of features used in the classiﬁer.
Two factors are important in determining the classiﬁer’s
expected error ji;x for a speciﬁc sample: (1) general accuracy of

the classiﬁer and (2) similarity between the features of the
samples in the training set and those of the testing sample. Thus,
the local accuracy of the classiﬁer should be calculated for each
individual testing sample based on two factors: (1) the number of
samples in the training set that are in the neighborhood of the
testing sample and (2) the similarity between the subset features
(hi) and the existing features for the testing sample.
Now, we explain our approach to estimate the similarity
between the training and testing samples. If all features are
identically informative, the similarity between the missing value
patterns
in a subset and the testing sample can be characterized
bT y where y^ x and y are the feature sets available for the
by y
i
xj i
j
testing sample xj and the ith subset, respectively. To take the
relative quality of the features into account, the similarity is
T
written as yxj Kyi where K is a diagonal matrix to weigh the
features based on their information level.
We calculate ji;x using

ji;x ¼ ðGðx; Syi ÞYðxÞÞ2 f ðyTxj Kyi Þ

ð10Þ

where Y(x) is the label of x. When there is no ranking of the
features, K is equal to the identity matrix. Here, f is a nonincreasing function that calculates the effect of similarity between
the feature spaces of the classiﬁer and the testing sample. For
simplicity, we deﬁne f(u) as 1/u. When there are no common
features, f removes the effect of the classiﬁer from aggregation. On
the other extreme, when all features are present, f does not
change the error measure.
Eq. (10) can be calculated for the training data. However, for a
testing sample, it needs to be estimated since Y(x) is unknown. To
estimate ji;x easily, we use all of the training samples in the
vicinity of the testing sample:

j~ i;x0 ¼

1

X

Zx0 x A Training

disðx; x0 Þji;x

ð11Þ

where
T

ðdisðx; x0 ÞÞ2 ¼ Jxx0 J2 f ðyx Kyx0 Þ

Zx0 ¼

X

disðx; x0 Þ

ð12Þ
ð13Þ

x A Training

Note that the distance between the two samples is modulated
by their common features through the second term in Eq. (12).
3.5. Pruning step
In the previous sections, the primary assumption was that
when the number of common samples between the training sets
of different classiﬁers is small, they would have a different
performance. However, this assumption is not always true as
discussed below. We use a pruning step to deal with this issue.
Our observations show that in addition to the desirable
subsets, a few useless subsets may be generated at the end of
the selection process due to the simpliﬁed assumptions about the
diversity. In some cases, these subsets have poor performance for
almost any testing dataset. In other cases, different subsets do not
have additional information and their corresponding classiﬁers
have almost identical outputs.
For the former case, assume a problem with three features
where the ﬁrst two features are more informative than the last
one. Also, assume that the ﬁrst feature is missing in the ﬁrst half
and the second feature is missing in the second half of the
samples. A clustering algorithm in this case will obtain three
clusters: (1) with just the third feature; (2) with the third and ﬁrst
features; (3) with the third and second features. However, since
the third feature is not very informative, the subset from the ﬁrst
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1.Selection
a. Given minimum and maximum number of subsets, generat binary maxtrix B
b. For a training set, generate matrix M
c. Calcuate A, C, and D matrices
d. Run the clustering algorithm for matrix D and find CVI
e. For each cluster, find the best subset
2. Pruning
a. Find irrelevant features based on the best subsets
b. Update matrix D after omitting irrelevant features
c. If CVI changes significantly, go back to 1d
3. Fusion
~
a. For the testing sample find 
i, xj
b. Calcualte ΓBB (x)
Fig. 3. Selection–fusion algorithm for missing value management: B is the set of all subsets, M is the missing value matrix as deﬁned in Eq. (1), A is the co-accordance
binary matrix as deﬁned in Eq. (2), C is the subset similarity matrix as deﬁned in Eq. (3), D is the distance matrix as deﬁned in Eq. (5), CVI, is the cluster validity index as
~ i;x is the fusion weight as deﬁned in Eq. (11), and GBB ðxÞ is the classiﬁcation result for the testing sample x as deﬁned in Eq. (9).
deﬁned in Eq. (6), xj is the testing sample, j
j

cluster will not contribute signiﬁcantly in the fusion step due to
its poor performance, despite its large number of samples. In fact,
the remaining two subsets are sufﬁcient for this scenario.
For the latter case, assume the above scenario but this time
just the third feature is missing in the ﬁrst half of the samples.
There are two signiﬁcant subsets in the data: one subset with all
features (second half of samples) and one subset with the ﬁrst and
second features (all samples). These two subsets are certainly in
two different clusters. Since the third feature is not informative,
the two clusters represent the same information and combination
of the two classiﬁers is not useful.
As described in the selection step, the CVI is a good
performance measure if the diversity of the subsets is high. When
two clusters are separated by a set of informative and relevant
features, this is the case. However, when a large portion of the
features are irrelevant, it is likely to get a couple of clusters with
similar information separated by the unimportant features.
The pruning step is designed to solve the above problems by
removing weak clusters and combining similar clusters. During
the feature selection step, the irrelevant features are identiﬁed
and the distance metric of the clusters with the irrelevant features
[Dij] are modiﬁed accordingly. The overall process, including the
pruning step, is summarized in Fig. 3. In the worst case, all
clusters are combined after m 1 iterations. Although the pruning
step does not always have a large impact on the performance, it
may reduce the computational complexity.
One important remaining point about the proposed algorithm
is the initial condition for the primary subset pool B. If we
eliminate some of very unlikely subsets before running the
algorithm, the execution time of algorithm will be reduced. As
discussed, the primary subsets pool can be as large as 2n(F) 1.
However, for the sake of computational cost, we limit the size of
the subsets pool. We reduce the size of the subsets pool by putting
lower and upper bounds on the number of features in each subset.
According to the discussion about the desirable subsets, the
number of the features in each subset should be large enough to
get a reliable determination of the class label. A lower bound can
be obtained using a simple feature reduction technique; for
details see [9,10].

4. Experimental results
To support the hypotheses in the previous sections and to
evaluate the proposed method and compare it with the previous
methods, we have conducted a variety of experiments using a
wide range of real-world datasets. Seven datasets from the
University of California, Irvine and our epilepsy dataset (a total

of eight datasets) have been used in these experiments. Details of
the datasets are given in Table 1. The algorithms have been
applied to the original data as well as datasets with additional
missing values generated by randomly deleting some of the
values from the datasets. All algorithms are run on Intel 3.0 GHz
CPU with 2 GB of RAM.
In the comparison study, the proposed method is compared
with ﬁve well-known missing value management algorithms: (1)
pairwise deletion; (2) decision tree (CART); (3) expectation
maximization (EM) single imputation; (4) multiple imputations
(MI) with EM; and (5) ensemble classiﬁer (voting selection–fusion
(SF) with random selections). The support vector machine (SVM)
is used for classiﬁcation in all of the methods. Each dataset is
divided into 6 equal parts, 1 part for the testing phase and 5 parts
for the training phase. The training and testing parts are permuted
and the experiments are repeated for cross-validation. The
execution time of each permutation depends on the size of the
dataset and the number of clusters, ranging from 125 sec for
database number 1 (Breast Cancer) to 20 sec for database number
8 (HBIDS). All of the algorithms are run on the 8 datasets (Table 1).
To evaluate the effect of the percentage of the missing values,
some of the values are randomly removed from both of the testing
and training datasets using the MAR missing value pattern. This is
repeated 20 times and the means and standard deviations of
the correct classiﬁcation percentages are calculated and presented
in Table 2.
Generally speaking, the results show that the proposed
algorithm outperforms the other methods when either the
percentage of the missing values is large (more than 20%) or
the number of samples in the dataset is small. On the other hand,
the EM single imputation and MI with EM methods outperform
the other methods when the number of the samples is large and
the percentage of the missing values is small.
In particular, the proposed method outperforms the previous
methods in their applications to the target problem of our
research, i.e., epilepsy surgery candidate selection (HBIDS). This
problem can be considered as a prototype of the common medical
diagnosis problems such as breast cancer staging or leukemia
genome expression, where a non-MAR missing value pattern and
a small number of samples are the most common limitations for
the recovery of the missing values. The human brain image
database system (HBIDS) is developed for epilepsy patients at
Henry Ford Hospital, Detroit, MI [23,24]. The system will examine
surgical candidacy among temporal lobe epilepsy patients based
on their brain images and other data modalities. It is expected to
discover relatively weak correlations between symptoms, medical
history, treatment planning, outcome of the epilepsy surgery, and
the brain images.
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Table 1
Speciﬁcations of the datasets used in the study.
Number

Name

Number of
samples

Original missing
values percentage

1/CVI

Number of
classes

1
2
3
4
5
6
7
8

Breast Cancer
Pima Diabet
Tic Tac Toe
Sonar
Votes
Iris
Wine
HBIDS

699
768
958
208
435
150
178
55

9.6
0.0
0.0
7.2
2.2
0.0
0.0
8.3

9.52
0.00
0.00
15.24
6.85
0.00
0.00
18.26

2
2
2
2
2
2
2
2

Table 2
Means and standard deviations of the correct classiﬁcation percentages of the experiments done on 8 datasets using 6 different methods.
Additional missing
value percentage

Pairwise
deletion

Decision
tree (CART)

EM single
imputation

Multiple
imputations
with EM

Voting selection–fusion
with random selections

Proposed
selection–fusion
method with CVI

UCI Dataset 1: Breast Cancer
0
94.7
10
91.1 7 0.1
20
84.4 7 0.3
30
66.4 7 0.6

94.7
90.37 0.1
89.77 0.1
77.47 0.6

94.7
91.2 70.1
90.87 0.1
83.6 70.1

95.9
90.4 70.1
89.1 70.2
82.5 70.2

95.3
91.9 7 0.1
82.8 7 0.2
81.0 70.3

92.4
92.27 0.1
90.17 0.1
85.27 0.2

UCI Dataset 2: Pima Diabet
0
76.5
10
72.3 7 0.1
20
69.7 7 0.1
30
59.9 7 0.9

76.6
74.17 0.1
71.47 0.1
62.47 0.8

76.1
74.1 70.2
72.2 70.1
67.6 70.4

77.3
74.2 70.1
70.3 70.1
65.2 70.3

74.8
71.2 7 0.1
67.2 7 0.1
67.2 7 0.5

75.1
73.57 0.1
71.87 0.1
70.37 0.2

UCI Dataset 3: Tic Tac Toe
0
99.3
10
94.4 7 0.1
20
83.6 7 0.1
30
70.1 7 0.5

99.3
95.27 0.1
86.57 0.1
80.77 0.3

99.3
97.5 70.1
90.67 0.1
90.27 0.3

98.9
94.2 70.1
94.2 70.1
90.3 70.3

98.9
92.8 7 0.2
87.6 7 0.1
86.6 7 0.3

98.3
95.47 0.1
90.37 0.2
89.47 0.4

UCI Dataset 4: Sonar
0
10
20
30

83.7
78.8 7 0.1
63.0 7 0.1
58.3 7 0.2

83.8
77.17 0.1
69.47 0.1
65.37 0.3

83.7
79.07 0.1
70.47 0.1
62.7 70.3

83.9
80.1 70.1
72.7 70.1
69.1 70.1

81.0
77.9 7 0.1
74.2 7 0.1
71.2 7 0.2

82.9
81.37 0.1
78.37 0.1
76.97 0.2

UCI Dataset 5: Votes
0
10
20
30

95.8
88.4 7 0.2
85.3 7 0.3
71.2 7 0.4

95.8
91.27 0.1
88.27 0.2
77.37 0.2

95.8
89.2 70.1
85.2 70.1
84.6 70.2

94.3
93.5 70.1
87.1 70.1
86.3 70.2

94.7
91.6 7 0.1
87.6 7 0.1
81.4 7 0.2

95.9
92.27 0.1
89.27 0.1
89.17 0.3

UCI Dataset 6: Iris
0
10
20
30

89.4
74.2 7 0.1
62.3 7 0.1
53.1 7 0.2

89.4
75.27 0.2
69.27 0.2
62.47 0.3

89.4
78.3 70.2
69.5 70.2
65.1 70.3

92.1
81.3 70.1
72.3 70.1
69.5 70.1

94.3
81.2 7 0.1
72.2 7 0.1
69.5 7 0.2

93.2
81.47 0.1
77.47 0.1
75.17 0.3

UCI Dataset 7: Wine
0
10
20
30

85.2
72.6 7 0.1
62.6 7 0.1
59.3 7 0.2

85.2
74.57 0.2
65.57 0.2
62.37 0.3

85.2
78.1 70.1
68.2 70.1
65.7 70.3

90.1
82.5 70.1
72.6 70.1
64.3 70.1

89.1
78.2 7 0.2
69.4 7 0.2
62.2 7 0.2

89.1
81.37 0.1
78.27 0.1
72.47 0.2

HBIDS
0
10
20

74.5 7 0.5
72.2 7 1.7
65.1 7 1.9

72.17 0.3
65.77 1.9
64.87 1.5

66.7 70.3
62.1 71.2
59.4 71.8

76.4 70.5
68.2 71.0
65.2 71.2

69.5 7 0.4
62.1 7 0.9
59.3 7 2.8

79.37 0.5
76.47 0.8
72.87 0.9

Note that our proposed method with CVI outperforms other approaches when applied to the datasets with a small number of samples and a high percentage of missing
values.

At the time of this investigation, the HBIDS contains a 40dimensional feature space and 55 samples. Our examination of
the database shows that the missing values do not follow the MAR
or MCAR models [12,24–28]. Thus, the missing value patterns are
not easily predictable. Therefore, a complex probabilistic model is
necessary. Also, there are a large number of missing values that

are non-random. Moreover, the missing values may have
dependencies in contradiction to the usual assumptions [13].
The complex probabilistic model and the large percentage of the
missing values limit the performance of the previous methods like
expectation maximization (EM) and multiple imputations (MI)
[1,12].
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In the second experiment, the relationship between the
proposed index (CVI) and the performance of the selection–fusion
algorithm is evaluated. To this end, some of the samples are
randomly removed from 3 of the datasets (Breast Cancer, Pima
Diabet, HBIDS) to generate datasets with different patterns and
percentages of the missing values. Then, the CVI and the accuracy
of the four missing value treatment algorithms (SF, EM, MI, CART)
are evaluated for each condition. The results are presented in
Fig. 4. This ﬁgure compares the accuracy of the four methods
when 1/CVI changes from 1 to 40 for the 3 datasets. The results
illustrate that although the relationship between the accuracy and
the 1/CVI depends on the pattern of the missing values, our
approach (SF) is always superior when 1/CVI is larger that 20. Also,
as 1/CVI increases further, the superiority of the SF approach to
the other methods becomes more pronounced.
In the third experiment, to evaluate the effect of the number of
samples in the dataset and the percentage of the missing values on
the CVI, some of the features are removed from the Breast Cancer
dataset, using the MAR, MCAR, and systematic missing value
models. For each of the resulting datasets, 1/CVI is calculated and
plotted in Fig. 5 versus the number of the samples (sample space
size) and the percentage of the missing values. The results show that
the relationships between the 1/CVI and the missing value
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parameters depend on the pattern of the missing values, although
it is always a monotone function. For example, a 1/CVI of 20 equals
23%, 25%, and 40% missing values for the systematic, MAR, and
MCAR models, respectively (Fig. 5b). Thus, for example, for a dataset
with the MAR missing value pattern, the selection–fusion algorithm
is superior when more than 23% of the data is missing. Based on
Fig. 5a, the same argument can be made for the sample size. Fig. 5
also shows that the systematic missing value pattern is more
sensitive to the percentage of the missing values and the sample size
compared with the MAR and MCAR models. In the systematic
pattern, the 1/CVI increases from 20 to 40 when the missing values
increase about 10%, while in the MCAR model, this requires at least
20% more missing values.
In the fourth experiment, the effect of the number of subsets on
the performance of the proposed method is evaluated by applying
the method to the original HBIDS dataset and additional datasets
generated by randomly removing some of the features from the
original dataset. The results are graphed in Fig. 6a. Note that with 10%
missing values, 5 subsets yield the maximum performance. In this
case, the performance does not improve much by increasing the
number of subsets beyond 5. On the other hand, with 30% missing
values, at least 8 subsets are required to get the maximum
performance.

Fig. 4. Performance of missing value management methods versus cluster validity index: (a)–(c) the results of the UCI Breast Cancer and Pima Diabet datasets, and the
human brain image database system (HBIDS), respectively (refer to Table 1). The selection–fusion (SF), expectation maximization (EM), multiple imputations (MI), and
CART methods are compared. 1/CVI increases as the percentage of missing values increases. Note the overall superiority of the SF method especially when 1/CVI is large.
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Fig. 5. (a) Effect of the sample size on the cluster validity index (CVI) of the UCI
Breast Cancer dataset: In general, 1/CVI increases as the number of samples
decreases. However, the rate of change depends on the missing value model. Here,
MCAR, MAR, and systematic missing value are compared. (b) Effect of missing
value percentage on CVI: In general, 1/CVI increases as the percentage of missing
values increases. However, the rate of change depends on the missing value model.
Note that when 1/CVI is large, classiﬁers with more diverse performance can be
found. This is due to the fact that we select one classiﬁer from each cluster and
thus the distance between selected pairs of classiﬁers is large (i.e., they are
diverse) when 1/CVI is large.

In the ﬁfth experiment, the performance of the proposed
approach is compared with the multiple imputation method by
estimating their receiver operating characteristic (ROC) for the
HBIDS dataset. The results graphed in Fig. 6b show that our
approach has higher sensitivity and speciﬁcity. The area under the
ROC curve of the proposed method for the dataset with 20%
missing values is about 5% larger than that of the multiple
imputations.

5. Discussion
Clustering is a well-established ﬁeld and many of its results are
applicable to the missing value problem. The optimal number of
subsets in our application has a close relationship with the
number of clusters in the clustering algorithms [11,12]. When the
number of clusters is unknown, the elbow criterion [12] is a
common rule of thumb to determine the number of clusters. Also,

0.5
0.5 0.55 0.6 0.65 0.7 0.75 0.8 0.85 0.9 0.95
FP

1

Fig. 6. (a) Effect of the number of subsets on the performance of the method for
the human brain image database system (HBIDS). This ﬁgure compares the
performance for 10%, 20%, and 30% missing values. As a rule of thumb, 6–10
subsets are sufﬁcient. Let alone how much data is missing, more than 10 subsets
do not seem to improve the performance. (b) Receiver operating characteristic
(ROC) curves for the surgery candidate selection problem. The selection–fusion
(SF) and multiple imputation (MI) methods are compared. Note the superiority
of SF.

as shown in the clustering literature, determining the number of
clusters is an NP-Complete problem [12] but many fast
suboptimal methods are proposed for it [11].
Since we use a weighted combination algorithm in the
fusion step, the number of subsets may not be very important.
However, more subsets are not always desirable because the
number of parameters that need to be estimated in the fusion
stage depends on the number of subsets. With a small
number of subsets, the parameters can be estimated more
reliably using a limited number of samples. In addition,
although for the weak classiﬁers, the weight is small,
accumulation of a large number of weak subsets may deteriorate the overall performance.
The sample size and the percentage of the missing values are
two important parameters of the data but these parameters are
not necessarily the most appropriate measures for the quantiﬁcation of the complexity of the missing values. Our experimental
results (Fig. 4) show that the superiority of the selection–fusion
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method almost always improves as the CVI decreases. This
conﬁrms that this index describes the complexity of the missing
value problem appropriately.
The relationship between the complexity of the missing value
problem and the CVI is nonlinear and depends on parameters
other than the sample size and the missing value percentage.
However, our experiments using three databases show that the
relationship is monotone (Fig. 5). When the sample size decreases,
the 1/CVI increases but the rate of its increase depends on the
missing value pattern. When the data is MCAR, the CVI does not
change as much as the other models as the sample size changes.
The impact of the diversity of the classiﬁers on the performance of the proposed method is also explored through the
evaluation of the CVI (Fig. 5). When 1/CVI is large, classiﬁers with
more diverse performance can be found. This is due to the fact
that we select one classiﬁer from each cluster and thus the
distance between the selected pairs of classiﬁers is large (i.e., they
are diverse) when the 1/CVI is large. A large 1/CVI corresponds to a
small sample size and a large missing value percentage. Thus, we
can conclude that more missing values in the data for a ﬁxed
sample size produce more clusters and therefore more subsets
(Fig. 6a). Comparing the performance of our approach with the
multiple imputations in their applications to the HBIDS dataset
shows that our approach has higher sensitivity and speciﬁcity
(Fig. 6b).
A comprehensive analysis using 8 datasets with different
sample sizes and different data models show that our selection–
fusion approach is superior to the previous approaches when
there are at least 20% missing values added with the MAR model.
This difference is more pronounced in the Sonar, Iris, Wine, and
HBIDS datasets. These four datasets have smaller sample sizes and
therefore, the 1/CVI increases faster with the missing values. In
particular, in the HBIDS dataset, the presence of systematic
missing values makes the 1/CVI more sensitive to the large
percentages of the missing values.
In summary, the proposed selection–fusion algorithm is
applicable to the problems with a small CVI. This usually happens
in the datasets with a small number of samples and a large
percentage of missing values.

6. Conclusion
Evaluation of the proposed selection–fusion algorithm on
different types of datasets shows that it can improve the
classiﬁcation performance on datasets with missing values. Our
study shows that the estimation of the missing values by the EM
method works ﬁne when the percentage of the missing values is
small. However, as the percentage of the missing values increases,
its performance deteriorates such that in some cases (like HBIDS),
the pairwise deletion approach may offer a superior solution. The
selection–fusion approach maintains an acceptable performance
when the percentage of the missing values is small, at the expense
of more computational complexity in the classiﬁer training and
application.
The results of the surgery candidate selection problem (HBIDS)
show that the selection–fusion algorithm outperforms the other
approaches. Also, the results of the Sonar and some other UCI
datasets agree with this observation. While the limitations in the
surgery candidate selection such as a large percentage of the
missing values, a non-MAR missing value pattern, and a small
number of samples are the challenging problems in the medical
record analysis, the proposed selection–fusion approach is an
appropriate solution to these problems. The results show that the
proposed approach outperforms the EM and MI methods in this
type of missing value patterns with a small CVI. In addition, we
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observe that this index decreases when the sample size decreases
or the percentage of the missing values increases. Based on
these two observations, we conclude that the proposed missing
value management method is most appropriate when the number
of samples is small and the percentage of the missing values is
large.

Acknowledgments
The authors would like to thank Kost V. Elsevich, MohammadReza Siadat, and Alireza Akhondi-Asl for their introduction of the
epilepsy data, construction of the HBIDS database, and fruitful
discussions regarding the text and the experimental results of the
paper. This work was supported in part by NIH Grant R01EB002450.

References
[1] G.I. Joseph, C. Ming-Hui, R.L. Stuart, H.H. Amy, Missing-data methods for
generalized linear models: a comparative review, Journal of the American
Statistical Association 100 (2005) 332–346.
[2] P.A. Batista, M.C. Monard, An analysis of four missing data treatment methods
for supervised learning, Applied Artiﬁcial Intelligence 17 (2003) 519–533.
[3] K. Lakshminarayan, S.A. Harp, T. Samad, Imputation of missing data in
industrial databases, Applied Intelligence 11 (3) (1999) 259–275.
[4] B. Zenko, L. Todorovski, S. Dzeroski, A comparison of stacking with meta
decision trees to bagging, boosting, and stacking with other methods, Journal
of the American Statistical Association 84 (2001) 669–670.
[5] L.I. Kuncheva, Combining Pattern Classiﬁers: Methods and Algorithms, Wiley,
Hoboken, NJ, 2004.
[6] S. Hettich, S.D. Bay, The UCI KDD Archive, http://kdd.ics.uci.edu, Department
of information and Computer Science, Irvine, CA, 1999.
[7] K. Kargupta, B.H. Park, H. Dutta, Orthogonal decision trees, IEEE Transactions
on Knowledge and Data Engineering 18 (2006) 1028–1042.
[8] P. Myunghee Cho, The generalized estimating equation approach when data
are not missing completely at random, Journal of the American Statistical
Association 92 (1997) 1320.
[9] N. Ishii, E. Tsuchiya, Y. Bao, N. Yamaguchi, Combining classiﬁcation
improvements by ensemble processing, Journal of the American Statistical
Association 61 (2005) 240–246.
[10] X. Huang, Q. Zhu, A pseudo-nearest-neighbor approach for missing data
recovery on Gaussian random data sets, Pattern Recognition Letters 23 (2002)
1613–1622.
[11] T.I. Lin, J.C. Lee, H.J. Ho, On fast supervised learning for normal mixture
models with missing information, Pattern Recognition 39 (2006) 1177–1187.
[12] D.B. Rubin, Multiple imputation after 18 plus years, Journal of the American
Statistical Association 91 (1996) 473–477.
[13] R.E. Schapire, The boosting approach to machine learning: an overview, in:
D.D. Denison, M.H. Hansen, C. Holmes, B. Mallick, B. Yu (Eds.), Nonlinear
Estimation and Classiﬁcation, Springer, Berlin, 2003.
[14] J.L. Schafer, Analysis of Incomplete Multivariate Data, Academic Press,
London, 1997.
[15] T.A. Walls, J.L. Schafer, Models for Intensive Longitudinal Data, Oxford
University Press, Oxford, 2006.
[16] M. Aksela, J. Laaksonen, Using mutual information of errors for selecting
members of a committee classiﬁer, Pattern Recognition 39 (2006) 608–623.
[17] Q. Hu, D. Yu, Z. Xie, X. Li, EROS: ensemble rough subspaces, Pattern
Recognition 40 (2007) 3728–3739.
[18] K. Jiang, H. Chen, S. Yuan, Classiﬁcation for incomplete data using classiﬁer
ensembles, in: Proceedings of the 45th Institute of CETC, vol. 1, 2006,
pp. 559–563.
[19] H. Feng, B. Liu, L. He, B. Yang, Y. Chen, Using dependencies between attributes
to identify and correct the mistakes in SARS data set, Intelligent Data Analysis
9 (2005) 5678–5681.
[20] H. Mizutani, Discriminative learning for minimum error and minimum reject
classiﬁcation, Intelligent Data Analysis 1 (1999) 136–140.
[21] F. Roli, G. Fumera, G. Vernazza, Analysis of error-reject trade-off in linearly
combined classiﬁers, Intelligent Data Analysis 2 (2002) 120–123.
[22] Q. Tao, G. Wu, J. Wang, A new maximum margin algorithm for one-class
problems and its boosting implementation, Pattern Recognition 38 (2005)
1071–1077.
[23] M.R. Siadat, H. Soltanian-Zadeh, F. Fotouhi, K.V. Elsevich, Content-based
image database system for epilepsy, Computer Methods and Programs in
Biomedicine 79-3 (2005) 209–226.
[24] M. Ghannad-Rezaie, H. Soltanian-Zadeh, M.R. Siadat, K.V. Elisevich,
Soft computing approaches to computer aided decision making for
temporal lobe epilepsy, in: IEEE Conference on Image Processing, vol. 2,
2005, pp. 42–45.

ARTICLE IN PRESS
2350

M. Ghannad-Rezaie et al. / Pattern Recognition 43 (2010) 2340–2350

[25] M. Ghannad-Rezaie, H. Soltanian-Zadeh, Interactive knowledge discovery for
temporal lobe epilepsy, in: E.G. Giannopoulou (Ed.), Data Mining in Medical
and Biological Research, I-Tech Education and Publishing KG, Vienna, Austria,
November 2008 (Chapter 8).
[26] T.I. Lin, J.C. Lee, H.J. Ho, On fast supervised learning for normal mixture
models with missing information, Pattern Recognition 39 (2006) 1177–1187.

[27] M.K. Markey, G.D. Tourassi, M. Margolis, D.M. DeLong, Impact of missing data
in evaluating artiﬁcial neural networks trained on complete data, Computers
in Biology and Medicine 36 (2006) 516–525.
[28] G.-R. Auleley, B. Giraudeau, G. Baron, J.-F. Maillefert, M. Dougados, P. Ravaud,
The methods for handling missing data in clinical trials inﬂuence sample size
requirements, Journal of Clinical Epidemiology 57 (2004) 447–453.

About the Author—MOSTAFA GHANNAD-REZAIE was born in Tehran, Iran in 1981. He received BS degree in Electrical Engineering: Communications and MS degree in
Electrical Engineering: Bioelectric from the University of Tehran, Tehran, Iran, in 2003 and 2005, respectively. Since 2005, he has been with the Department of Radiology,
Henry Ford Health System, Detroit, Michigan, USA, where he is a Research Assistant. Since 2006, he has been graduate student in Department of Electrical and Computer
Engineering, Wayne State University, Detroit, MI. His research interests include medical imaging, signal and image processing and analysis, and computational
neuroscience.

About the Author—HAMID SOLTANIAN-ZADEH was born in Yazd, Iran in 1960. He received BS and MS degrees in Electrical Engineering: Electronics from the University of
Tehran, Tehran, Iran in 1986 and MSE and PhD degrees in Electrical Engineering: Systems and Bioelectrical Sciences from the University of Michigan, Ann Arbor, Michigan,
USA, in 1990 and 1992, respectively. Since 1988, he has been with the Department of Radiology, Henry Ford Health System, Detroit, Michigan, USA, where he is currently a
Senior Staff Scientist. Since 1994, he has been with the Department of Electrical and Computer Engineering, the University of Tehran, Tehran, Iran, where he is currently a
full Professor and director of Control and Intelligent Processing Center of Excellence. Dr. Soltanian-Zadeh has active research collaboration with Wayne State University,
Detroit, MI, USA and the Institute for studies in theoretical Physics and Mathematics (IPM), Tehran, Iran. His research interests include medical imaging, signal and image
processing and analysis, pattern recognition, and neural networks. He has published over 500 papers in journals and conference records or as book chapters in these areas.
He has served on the scientiﬁc committees of several international conferences and editorial boards of many scientiﬁc journals. He has also served on the study sections of
the National Institutes of Health (NIH), National Science Foundation (NSF), American Institute of Biological Sciences (AIBS), and international funding agencies.

About the Author—HAO YING received his PhD degree in Biomedical Engineering from The University of Alabama, Birmingham, Alabama in 1990.
He is currently a full Professor at the Department of Electrical and Computer Engineering, Wayne State University, Detroit, Michigan, USA. He is also Full Member of its
Barbara Ann Karmanos Cancer Institute. He was on the faculty of The University of Texas Medical Branch at Galveston between 1992 and 2000. He was Adjunct Associate
Professor of the Biomedical Engineering Program at The University of Texas at Austin between 1998 and 2000. He has published a research monograph/advanced textbook
entitled Fuzzy Control and Modeling: Analytical Foundations and Applications (IEEE Press, 2000), 82 peer-reviewed journal papers, and 117 conference papers.
Dr. Ying is an Associate Editor for ﬁve international journals (Dynamics of Continuous, Discrete & Impulsive Systems Series B: Applications & Algorithms, International
Journal of Fuzzy Systems, International Journal of Approximate Reasoning, Journal of Intelligent and Fuzzy Systems, and Advances in Fuzzy Systems). He is on the editorial
board of three other international journals (Advances in Fuzzy Sets and Systems, Far East Journal of Mathematics, and The Open Cybernetics and Systemics Journal). He was
a Guest Editor for four journals. He is an elected board member of the North American Fuzzy Information Processing Society (NAFIPS). He served as Program Chair for The
2005 NAFIPS Conference as well as for The International Joint Conference of NAFIPS Conference, Industrial Fuzzy Control and Intelligent System Conference, and NASA Joint
Technology Workshop on Neural Networks and Fuzzy Logic held in 1994. He served as the Publication Chair for the 2000 IEEE International Conference on Fuzzy Systems
and as a Program Committee Member for 27 international conferences. He was invited to serve as reviewer for more than 50 international journals, which are in addition to
major international conferences, and book publishers.

About the Author—MING DONG, received his BS degree from Shanghai Jiao Tong University, Shanghai, P.R. China in 1995 and his PhD degree from the University of
Cincinnati, Ohio, in 2001, both in electrical engineering. He joined the faculty of Wayne State University, Detroit, MI in 2002. He is currently an associate professor of
computer science and a scientiﬁc member of Developmental Therapeutics Program, Karmanos Cancer Institute. He is also the Director of the Machine Vision and Pattern
Recognition Laboratory in the Department of Computer Science. His research interests include pattern recognition, multimedia analysis, and data mining. He is an associate
editor of IEEE Transactions on Neural Networks and is on the editorial board of International Journal of Technology Enhanced Learning.

