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Abstract. In pattern recognition, feature selection is an important tech-
nique for reducing the measurement cost of features or for improving the
performance of classifiers, or both. Removal of features with no discrim-
inative information is effective for improving the precision of estimated
parameters of parametric classifiers. Many feature selection algorithms
choose a feature subset that is useful for all classes in common. However,
the best feature subset for separating one group of classes from another
may depend on groups. In this study, we investigate the effectiveness of
choosing feature subsets depending on groups of classes (class-dependent
features), and propose a classifier system that is built as a decision tree
in which nodes have class-dependent feature subsets.

1 Introduction

Feature selection is to find a feature subset that is effective for classification from
a given feature set. This technique is effective for both improving the performance
of classifiers and reducing the measurement cost of features. Particularly when
the scale of the problem is large (in the sense of the number of features or the
number of classes, or both), there are some features that have little or no discrim-
inative information. It is well known that such features, called garbage features,
weaken the performance of classifiers (peaking phenomenon) as long as a finite
number of training samples is used for designing the classifiers. Thus, removal
of such garbage features should result in an improvement in the performance of
such classifiers.

Many techniques for feature selection have been proposed [1,2,3,4,5,6,7]. All
of these approaches choose the same feature subset in all classes. However, it
seems reasonable to assume that effective feature subsets are different, depending
on classes. For instance, in the case of more than two classes, a feature subset
that is powerful in discriminating one class from the remaining classes does not
always work in discriminating another class from the remaining classes. Thus,
when treating many classes, such as in character recognition, selection of feature
subsets depending on groups of the classes is effective. We call such a feature
subset a ”class-dependent feature subset.”
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Fig. 2. Decision tree for Fig.1

For instance, in Chinese character recognition, there are more than one thou-
sand characters. A group of similar characters has almost the same values in
almost all features but differs in a small number of features, e.g., the number of
strokes or whether a short stroke exists or not. Only a small number of features
are effective in discrimination of these similar characters. However, these fea-
tures are not always useful for discrimination between the group of these similar
characters and other groups of characters.

Therefore, it is expected that the performance of classifiers can be improved
by choosing feature subsets depending on groups of classes. In fact, there have
been some studies in which class-dependent features worked well in handwritten
character recognition [8,9]. However, theoretical analysis is expected. In this
paper, we present a formalization of the usage of class-dependent feature subsets
and propose a classification system using these subsets.

2 Illustrative Example

Our concept is explained by the example shown in Fig. 1. In Fig. 1, there are
three classes according to normal distributions with the same covariance matrix
and different means. The Bayes rule therefore becomes linear. As long as a
given training sample is finite, we cannot avoid misclassification in the plug-in
Bayes classifier estimated from the training sample. However, we can reduce
such a misclassification using class-dependent feature subsets. Indeed, in this
problem, only feature x2 has discriminative information between ω1 and ω2.
Thus, a classifier using only x2 is expected to perform better than that using x1

and x2 in this case. A decision tree designed naturally is shown in Fig. 2.

3 Decision Trees

3.1 Several Types of Decision Tree

We described how class-dependent feature subsets are used to improve classi-
fiers. Then, the next question is what uses of class-dependent feature subsets
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Fig. 3. Three types of decision tree

are possible. Some decision trees are naturally considered (Fig. 3). In all these
configurations, the recognition process starts from a whole set of classes at a
root down to subsets of classes and reaches a single class at a leaf. Each type
has the following aspects.

(Type 1) This type of decision tree has the simplest architecture and separates
one class from the other classes in each node. The problem shown in Fig. 1
can be solved using this type of decision tree.

(Type 2) This is a generalization of type 1. In each node, data are separated
into two subsets of classes.

(Type 3) The process goes from the root to its children in parallel, and in
each child one class is separated from the other classes. Usually, each node
outputs a value of the evidence about how well the decision is firm. In the
process of gathering evidence, the final decision is made.

Type 3 turns into regular classifiers like a linear or quadratic classifier in
multi-class cases when all nodes have the same feature subsets and the evidence
is combined by the maximum likelihood method. Another approach called a
modular network [8,9] is also included in this type.

In each node of a decision tree, the problem is to classify one group of classes
and another group of classes. Here, let two groups of classes be Ω1 and Ω2.
Then, a node is identified by the following information.

1. (Ω1, Ω2): two groups of classes to be classified
2. F: feature subset
3. φ: classifier

Thus, an internal node t is denoted as

Nodet = {Ω1
t , Ω2

t , Ft, φt}.

Our approach is different from conventional decision tree approaches [10,11]
in the following two points:
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1. In conventional decision tree approaches, each node is split in terms of im-
purity in a feature, whereas in our approach, each node is split in terms of
the degree of separation between two groups of classes.

2. In conventional decision tree approaches, classification in each node is sim-
ple, and usually only one feature is used. In other words, the performance
of classification in each node is not so good. Instead, those approaches com-
plement the simplicity with splitting of data many times. In our approach,
we split each node by a class-dependent feature subset. Thus, it is expected
that the classification performance is improved in individual small problems.

In this paper, we considered only type 1 and type 2 decision trees.

3.2 Experiments Using Artificial Data 1

We examined the possibility of this approach under the assumption that a de-
cision tree is ideally constructed and ideal class-dependent feature subsets are
chosen. The data are shown in Table 1. In Table 1, a feature with 1 means
that data are generated according to a normal distribution with average 0.5 and
standard deviation 0.1 in the feature, and a feature with 0 means that data are
generated according to a normal distribution with average 0 and standard devi-
ation 0.1. There is no correlation between features. For example, it is sufficient
to use only features x1 and x2 to separate ω1 and ω2. As a whole, all features
are needed to classify this dataset.

In the ideal tree, at the root node ω1 is separated from the others by all
features x1 − xc, and then ω2 by x2 − xc, and so on (Fig. 4), where c is the
number of classes and is also the number of features. In every nodes, a linear
classifier was used. Compared with the linear classifier with the full feature set,
this tree can estimate the parameters accurately in the deeper nodes.

The results of the experiment are shown in Fig. 5. In the experiment, three,
ten or thirty classes and 5, 10, 100 or 1000 training samples per class were
used. The number of test samples was fixed at 1000 per class. The average
recognition rate of 10 different training datasets is shown. For comparison, the
recognition rate by the linear classifier with all features is shown. It was found
that the decision tree with class-dependent feature subsets worked better than
the linear classifier with all features, when the number of training samples was
comparatively small and the number of classes, and also the number of features,
was large.

4 Construction of Decision Trees

In this section, we propose an algorithm to construct a decision tree from given
data. A decision tree is constructed in a bottom-up way like Huffman coding.
The algorithm is as follows.

1. Initialization step: Set Ωi = {ωi}, (i = 1, 2, · · · , C), c = C,t = 1. Attach an
unprocessed mark to all Ωi. These Ωi correspond to leaves.
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Table 1. Artificial data

features

class x1 x2 x3 · · · xc

ω1 1 0 0 · · · 0
ω2 0 1 0 · · · 0

ωc 0 0 0 · · · 1
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Fig. 4. Decision tree used in this ex-
periments
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Fig. 5. Result of experiments using
data shown in Table.1

2. Calculate the separability Sij of pair (Ωi, Ωj) for all unprocessed nodes Ωi

and Ωj , (i, j = 1, · · · , c).
3. Choose the pair (Ωi∗ , Ωj∗) with the smallest separability Si∗j∗ . Let Ωi∗ be

Ω1
c+1 and Ωj∗ be Ω2

c+1. Mark Ωi∗ and Ωj∗ as processed. Select a feature
subset Fc+1 that is effective in discrimination between Ω1

c+1 and Ω2
c+1.

4. Construct a classifier φc+1 to classify Ω1
c+1 and Ω2

c+1 with fea-
ture subset Fc+1. In this step, we have a new node, Nodec+1 =
{Ω1

c+1, Ω
2
c+1, Fc+1, φc+1}.

5. Ωc+1 = Ω1
c+1

⋃
Ω1

c+2 and c← c + 1üAt← t + 2.
6. Repeat steps 2-5 until t = c.

In steps 3-5, two nodes are merged into one new node, (c← c + 1), and the
two merged nodes are marked as being processed, (t← t+2). Finally, a decision
tree with 2C − 1 nodes is constructed.

5 Experiments

We dealt with 4-class and 9-class artificial datasets shown in Fig.6 and real
‘mfeat‘ data from UCI Machine Learning Database [12].
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5.1 Artificial Data 2

The separability measure, the classifier, and the feature selecton method we used
are as follows:

1. Separability: the recognition rate estimated by the leave-one-out technique
with 1-NN (the nearest neighbor) classifier.

2. Feature selection method: an approach based on the structual indices of
categories [13] .

3. Classifier: plug-in Bayes linear classifiers

In this experiment, the same type of classifiers were used in all nodes but trained
differently in each node.

In this dataset, we compared two decision trees: (1) a decision tree with
ideal feature subsets and with an ideal configuration and (2) a decision tree
constructed by the proposed algorithm. We dealt with the same type of problems
in 4-class and 9-class cases (Fig. 6). The number of training samples was 10
per class, and the number of test samples was 1000 per class. The constructed
decision tree is shown in Fig. 7, and the classification boundaries are shown in
Fig. 8 and Fig. 9. The figures in parentheses in those figures show the recognition
rates for test samples.

The ideal boundary and the boundary by the proposed method are almost
comparable. Here, it should be noted that if a single feature is used, the bound-
ary becomes a straight line regardless of the classifier used. We succeeded in
improving the performance of the decision tree with the differently trained lin-
ear classifiers, compared to that of the single linear classifier using all features.
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5.2 ‘mfeat‘ Data

Next, we examined the mfeat data. This dataset is a handwritten numeric ‘0’-‘9’
database. The feature dimension is 76, and the number of training samples is
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(1) (2) (3)

Fig. 8. Constructed boundary in a 4-class problem: (1) Linear (90.4%), (2) Ideal
decision tree (97.5%), and (3) The proposed method (92.8%)

(1) (2) (3)

Fig. 9. Constructed boundary in a 9-class problem: (1) Linear (91.2%), (2) Ideal
decision tree (97.8%), and (3) The proposed method (93.5%)

200 per class. Those features are Fourier coefficients of a character shape. The
top 100 samples of each class were used for training, and the bottom 100 samples
were used for testing. The same way as Artificial DAta 2 for the decision tree. The
constructed decision tree is shown in Fig. 10. For comparison, we constructed a
linear classifier and a 1-NN classifier with all features. The recognition rate of
the linear classifier was 80.7%, that of the 1-NN classifier was 82.4%, and that
of the proposed method was 83.8%. The 1-NN classifier attained 83.3% when a
feature subset common to all classes was chosen.

From the decision tree, we can see that the number of selected features is
appropriate depending on the problem. For instance, in node classifying class ‘0’
and ‘8’, the local problem is easy to solve and the number of features is very small.
The effectiveness of our approach depends on the number of training samples
and the number of classes. Thus, this approach, like other approaches, does not
always work well for all kinds of datasets. It is expected that this approach will
work well for problems in which the number of classes is large.

6 Discussion

Our approach using class-dependent feature subsets works effectively when the
number of classes is large, and it is superior to conventional approaches using a
common feature subset. It is expected that it works better when the number of
training samples is smaller, because less features take advantage in such a case
and individual small problems with only a few classes require less features than
the total problem with many classes.
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Fig. 10. Decision tree for mfeat (figures in internal nodes are the numbers of
features)

Another merit of our approach is that the results are interpretable. In each
node, we can show how easy it is to solve a local problem and what set of
features is necessary. With such information, it should be possible to improve
the performance of the classifier.

7 Conclusion

We have discussed the effectiveness of a class-dependent feature subset, and have
presented an algorithm of a classification system as a decision tree. In addition,
we can see separability in each node of the decision tree, so we may use this
information to improve the decision tree. We will consider the design of the
optimum decision tree.
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