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• Antônio P. Braga1
• Michel Verleysen2

Received: 25 August 2016 / Accepted: 13 June 2017 / Published online: 21 June 2017

� The Natural Computing Applications Forum 2017

Abstract This paper presents a new relevance index based

on mutual information that is based on labeled and unla-

beled data. The proposed index, which is based in Mutual

Information, takes into account the similarity between

features and their joint influence on the output variable.

Based on this principle, a method to select features is

developed to eliminate redundant and irrelevant features

when the relevance index value is less then a threshold

value. A strategy to set the threshold is also proposed in

this work. Experiments show that the new method is cap-

able of capturing important joint relations between input

and output variables, which are incorporated into a new

feature selection clustering approach.

Keywords Mutual information � Semi-supervised �
Feature selection � Similarity criterion

1 Introduction

Most feature selection methods aim at minimum redun-

dancy (mR) and maximum relevance (MR) [9] of features

by considering two independent objective functions. Rel-

evance is quantified according to the ability of features to

discriminate target classes, while redundancy in a subset of

features is estimated on a feature-to-feature basis, without

necessarily considering class labels. Although the problem

is not often treated with an Optimization approach in mind,

it is clear that there are two objective functions involved,

mR and MR, and that they can be conflicting, since their

minima may not coincide. Minimum redundancy may not

result on maximum relevance, and vice versa.

Since redundancy can be estimated even without

knowing data labels, i.e., by considering only unlabeled

data, and relevance generally requires label information,

trading-off them can be seen as a semi-supervised feature

selection (SSFS) problem. Methods that consider both

labeled and unlabeled sources of information gained

importance in recent years, especially due to the increasing

ability of present machines to acquire data, while labeling

is still limited. New methods could be developed by

extending present semi-supervised learning principles to

incorporate feature selection, or by developing new selec-

tion strategies that are robust to a reasonable amount of

unlabeled data.

Redundancy is a concept that is associated with spatial

relations of features, so it relies on a feature similarity

index (FSI) in order to be estimated; however, most

approaches, e.g., feature clustering [13], do not regard the

influence on labels as part of FSI. We consider in this paper

that both feature-to-feature similarity and feature-to-label

relations could be combined in a single FSI index. We

propose a FSI that can be considered a semi-supervised
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feature similarity index, since unlabeled data are used to

evaluate the direct similarity and the labeled data are used

to evaluate how related are the influences of each feature

on the output labels. The two components are linearly

combined according to a trade-off parameter k, which is

responsible to balance the importance of the two quantities

in the final index. A strategy for selecting k is also pre-

sented in this paper.

The similarity index is a pairwise measure that is esti-

mated in the subspace characterized by the corresponding

pair of features. Mutual information [2] (MI) among sam-

ples was used in this paper to estimate the unlabeled por-

tion of the index. Likewise, the supervised portion is

estimated by a distance relation between the MI of each

feature and the output labels. Its first component is an

estimation of how input samples are related in the two

subspaces, and the second one is an estimation of how they

relate to the output variable.

In this work, first the similarity index will be defined and

a strategy to set the balance parameter will be explained.

After that, a significance criterion will be defined in order

to set a threshold to the similarity values and then a semi-

supervised feature selection method will be proposed.

Finally, the experiments are performed and the results are

presented and discussed.

2 Semi-supervised feature similarity index S

2.1 Related work

To reduce the number of features of a data set, there are

three general strategies where, more or less, algorithms

could be classified. In the first strategy there are the so-

called filter methods whose objective is to rank the features

according to some relation (or correlation) [12, 18]

between the input variables and the target concepts

[14, 31, 32]. This approach is intuitive and easy to

implement, but it usually fails to consider the relevance of

a given feature in the presence of others [8], since most

filter methods are univariate [5, 18]. In the second strategy,

the algorithms are called wrappers and they access the

accuracy of a given model in order to find the best feature

subset. Technically, they are the best approach, but they

usually have to perform an exhaustive search over all

possible subsets of features which is costly and, even for

problems with relatively small dimension, unfeasible. The

third category of methods refers to the embedded algo-

rithms. As Wrapper methods, embedded ones use the

model as part of the selection process, but perform feature

selection during the training process [3, 25, 26].

Basically, labels and data are the available sources of

information to perform FS. Many methods [12, 13] are able

to deal only with labeled data, while others only deal with

unlabeled data [15, 16]. However, in many real situations,

the amount of labeled data is not sufficient to well char-

acterize the relations between input data and output classes.

Since labeling by human experts can be costly, it is com-

mon in many kinds of problems to have large unlabeled

data sets available and very few labeled data.

For instance, following the wrapper strategy the method

proposed in [21] selects features accessing the accuracy of

a given model. Like in other approaches, this method is

based on the assumption that both labeled and unlabeled

data are drawn from the same distribution and in the

principle of margin maximization.

In the ‘‘filter type’’ approach, the existent semi-super-

vised methods are mostly based on the margin maximiza-

tion principle and make the assumption that all labeled and

unlabeled data are i.i.d.. The semi-supervised feature

selection via spectral analysis [32], the locality sensitive

semi-supervised feature selection method [31], the FS-

manifold method [29] and the method in [33] apply,

somehow, the spectral graph theory, but they differ in how

to apply it. As an example, Zhao et al. in [32] developed a

semi-supervised feature selection algorithm based on

spectral graph theory (spectral analysis). It assumes that if

patterns are in the same cluster, they are considered to

belong to the same class. The method searches for clusters,

trying to maximize both cluster separability and the con-

sistency with labeled information at the same time. This is

done by means of cluster indicators of the normalized min-

cut method [22] defining good separable cluster structures

applying the Graph Laplacian theory. There are also other

filter methods, sharing the same basic assumptions, that

were developed within the logistic I-RELIEF framework

[14] and try to measure each feature discrimination power.

The semi-supervised version of the support vector

machines (S3VM) [30] is another way to perform feature

selection. The idea is to use the S3VM with 1-norm for-

mulation which produces a weight matrix with a lot of

zeros. The features whose weights go to zero are not useful

and could be discarded. One of the drawbacks of this

method is that it does not work very well for bigger data-

sets, and there are parameters to be set.

Some works also use information theory as we do in our

proposed method but in a different way. The supervised

method developed in [13] use mutual information as a simi-

larity measure. All steps in [13] were performed only con-

sidering labeled data; however, unlabeled data could be used

in the clustering step, where labels are not needed at all. It was

done in [19] where a semi-supervised feature selection

methodwithin the feature clustering approachwas developed.

The method cluster features using a semi-supervised metric

based on the mutual information. It uses the Ward
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method [28] to cluster features according to the similarity

measure between features Xi and Xj, described as

S Xi;ð XjÞ ¼ a1 H Xi=Xj

� �
þ H Xj=Xi

� �� �
þ a2 MI Xi; Y=Xj

� ��

þMI Xj; Y=Xi

� �
Þ, where H is the entropy, MI is the Mutual

Information, X is the input data and Y is the output variable.

The first term in this equation is also known by Mantara’s

distance. After the end of the clustering process, the repre-

sentative feature of each cluster will be the one with the larger

Mutual Information with the output Y.

In [4], the authors use an information theoretic frame-

work similar to information bottleneck to derive a global

criterion for feature clustering in order to capture the

optimality of word clustering, that is based on the gener-

alized Jensen–Shannon divergence. In order to minimize

the objective function, a divisive algorithm is proposed.

This algorithm is reminiscent of the k-means algorithm but

uses Kullback Leibler divergences instead of squared

Euclidean distances. Its divisive algorithm monotonically

decreases the objective function value while minimizing

‘‘within-cluster divergence’’ and simultaneously maximiz-

ing ‘‘between-cluster divergence’’.

Still, in [24], the authors propose a supervised feature

selection method which builds a dissimilarity space using

information theoretic measures that can be applied to

continuous and discrete data. The metric is the conditional

mutual information between features with respect to the

output variable that represents the class labels. The algo-

rithm tries to find a compression of the information con-

tained in the original set of features using hierarchical

clustering.

2.2 Proposed metric

In this section, a novel similarity index that considers both

labeled and unlabeled data, named here S, is presented. The

main idea of the S index is to serve not only as feature-to-

feature similarity, but also to consider the individual effects

each feature has on the output labels. Thus, the general

semi-supervised similarity criterion S between two random

variables X1 and X2 is defined as

SðX1;X2Þ ¼ ð1� kÞAðX1;X2Þ
zfflfflfflfflfflfflfflfflfflfflfflfflffl}|fflfflfflfflfflfflfflfflfflfflfflfflffl{

Unsupervised

�kBðX1;X2Þ
zfflfflfflfflffl}|fflfflfflfflffl{
Supervised

ð1Þ

with

AðX1;X2Þ ¼ UðX1;X2Þ ; fXð‘Þ [ XðuÞg
BðX1;X2Þ ¼ absðUðX1; YÞ � UðX2; YÞÞ ; fXð‘Þg

where Xð‘Þ is the labeled data set, XðuÞ is the unlabeled data

set, U is a similarity function, abs is the absolute value

function, Y is the output label vector (for Xð‘Þ only), and
0� k� 1 is used to balance the contributions of A and B. A

corresponds to the unsupervised term in Eq. 1 since it does

not consider labels; however, it is based on the union,

Xð‘Þ [ XðuÞ, of the two input datasets available (Xð‘Þ [ XðuÞ).
Likewise, B is considered the supervised term since it is

calculated according to the relation between input variables

and output labels and, of course, considers only the labeled

data setXð‘Þ.
Mutual information (MI) was adopted in this paper to

represent function U, especially due to its ability to identify
nonlinear dependencies between random variables. It

should also be noted that other similarity functions could

be used such as Pearson correlation [18] or the Relief Index

[12].

The unsupervised term of S is calculated according to

the MI between the pair of features ðX1;X2Þ and represents

how much information one feature retains in relation to the

other. It is maximum when the two features are identical,

and null when they are unrelated. The similarity is then

proportional to the MI between X1 and X2.

The supervised term of S represents the difference

between the MI of each one of the random variables X1 and

X2 and the output variable Y. In case their MI are the same

in relation to Y, the supervised term is null.

The similarity between input variables X1 and X2 shall

depend on their influence on the output labels. If two

features are similar with respect to the output variable, then

B is small and S is large. Notice that B should be larger if

the two features have distinct relevance levels in relation to

the output variable.

Many feature clustering methods are based on similarity

measures between pairs of input variables, which do not

usually consider the influence of individual variables on the

output labels.

Feature selection via S index is able to select a group of

features that best represents the problem in terms of all

joint information available, which includes not only unla-

beled but also labeled data.

3 Setting k

The S index can be seen as the MI between two features,

penalized by the difference of their MI in relation to the

output variable. The weight of the ‘‘supervised’’ term B in

the linear combination that results in S is controlled by the

value of k. Obviously, if k ¼ 0 then S corresponds to the

usual MI between a pair of features, i.e., similarity index S

takes into account only the ‘‘unsupervised’’ term in this

case. In such a situation, with k ¼ 0 we have that S[ 0, at

least in theory.1 In fact, choosing the value of k requires

1 Due to the numerical constraints of estimators, it may happen that

estimation may yield negative values.
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that a trade-off controlled by k is accomplished between

the supervised and unsupervised terms.

One extreme situation occurs when exists a pair of two

identical features with the same relevance to the output,

what leads A to be maximum and B ¼ 0. In such a situa-

tion, S is maximum and equals to A. Here k makes no

difference in the calculation of S. Another extreme situa-

tion happens when two features are completely indepen-

dent to each other, one of them is the same as Y, and the

other one is independent of Y. In this case, A is equal to

zero and B is maximum, resulting in a minimum, and

negative, S index. The value of k will, of course, determine

the minimum value of similarity. The adopted strategy to

determine the value of k is presented in the next section.

3.1 Adopted strategy

As will be explained in details in Sect. 4, the pair of fea-

tures is ranked by its S value in order to evaluate redun-

dancy and relevance. Depending on the value of k ranking

positions can change. The behavior of S as a function of k
for different pair of features is shown in Fig. 1. Based on

this behavior, it is possible to define three main ranges of

values that this parameter can assume. There are two ran-

ges of values where, despite changes in S, when increasing

k, the similarity ranking of the feature pairs does not

change. For the range 0� k\klow the S value is more

related to the unsupervised similarity measure (A term).

The term klow is the value of k that results on the first

change in the ranking order of similarities. On the other

hand, in the range khi\k\1 there is no change in the

similarity ranking, and the index is then more affected by

the supervised term B. The term khi is the value of k that

results in the final change in the similarity ranking.

Nevertheless, intuitively, a more balanced semi-super-

vised index can be achieved within the range klow\k\khi.
The idea is to set k in such way that the S is neither

dominated by A nor by B. In this paper, the value of k was

set to the mean value between klow and khi, which yields a

more balanced solution between the supervised and unsu-

pervised components of the index. So, it can be defined as

the mean value between these two limits, shown by the

dashed vertical line in Fig. 1.

The semi-supervised interval Iss can be determined

finding the minimum and maximum values of k that results

on the first and last changes in S, as shown in Fig. 1. The

possible intersection for each feature pair combination (Pk)

is evaluated, and after that the mean value of k in the

interval between the first and the last crossing points is

considered as the chosen k. The formulation is shown in

Eqs. 2 and 3, where kij is the value where the similarity

index for pairs i and j is the same.

kij ¼
Aj � Ai

Bj � Bi
ð2Þ

and,

kmean ¼
min kij

� �
þmax kij

� �

2
¼ klow þ khi

2
ð3Þ

4 Semi-supervised feature selection

Taking into account the properties discussed in the defi-

nition of the S index, the proposed method first eliminates

redundant features, searching for features sharing a certain

amount of information and having similar relevance to the

output labels. In a second moment, the proposed method

searches for those features whose MI in relation to the

output variable means zero discarding them. In both steps,

we will need to assess the reliability of MI estimation,

which is explained in Sect. 4.1 before entering into the

method description itself. The method is named here SSFC,

which stands for semi-supervised feature clustering.

4.1 Significance of S

Once two features are completely unrelated, their estimated

mutual information has to be zero in theory. In practice, as

we are dealing with mutual information estimators, their

outcome may not be properly zero, but a value near zero

meaning zero. It is, therefore, important to know if a

similarity value is really meaningful or if it is only a

Fig. 1 k ranges example. Each curve shows the behavior of the S

index in function of k for each pair of features. IU is the

preponderantly unsupervised interval, while IS is the mainly super-

vised interval. ISS is the mainly semi-supervised interval. The first

inversion of the S ranking occurs at klow; and the last change occurs at

khi. The dashed line shows the chosen k for a more balanced semi-

supervised criterion
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number that means zero to the estimator. In [6], the authors

use the called permutation test to evaluate the reliability of

the mutual information estimation, and it can be used here

in order to assess the significance of index S formulating a

statistical test with the following hypothesis:

Given two random variables X1 and X2, let S be the

similarity function between them. Let the null

hypothesis be that the variables X1 and X2 have no

similarity. In this case, we aim at evaluating the

distribution of S under the null hypothesis of no

similarity.

In order to accomplish the significance test, instances

from X1 were permuted np times (forming the new per-

muted feature X1
p while X2 is kept unchanged. For each

permutation, the similarity index Sp between features X1
p

and X2 was calculated and stored. Based on the np values,

the cumulative distribution function (CDF) of Sp was

obtained, and then the 95th percentile (S95thp ) threshold was

set in order to assess the significance of S [11]. In case

S[ S95thp , then S was considered significant, i.e., the null

hypothesis was true.

4.2 First step: eliminating redundancies

In order to eliminate redundancies, SSFC accomplishes

hierarchical feature clustering [28] according to the S in-

dex, described in Eq. 1. In other words, the method

evaluates S for all possible pair of features and cluster

them hierarchically from the highest value of S to the

lowest. In case the value of S of a pair of features is

significant, these two features can be clustered. In fact,

one of them will be eliminated from dataset and the

general rule for discarding a feature is based on the

mutual information between the two features and the

output variable Y, as described next:

If MIðXi; YÞ�MIðXj;YÞ then Xj is discarded, other-

wise Xi is discarded,

where Xi and Xj are features from the considered pair of

features.

Redundancy elimination continues iteratively until a

stopping criteria is met. At the end, remaining features

compose the initial selected feature subset Fs. The per-

mutation test used to evaluate the significance of S as

shown in Sect. 4.1 is the chosen stopping criterion to ter-

minate the process of eliminating redundant features. If Si;j

is less than or equal to the statistical zero value S95thp

defined by the permutation test, Si;j has no significant

meaning and the evaluation process ends without any fur-

ther feature elimination. The basic steps to eliminate

redundant features are presented in Algorithm 1.

Note that Step 4 in Algorithm 1 is semi-supervised since

it deals with labeled and unlabeled data. Step 11, in turn, is

supervised because it uses only labeled data.

4.3 Second step: eliminating irrelevant features

Now the objective is to identify any feature that does not

contribute to the output variable. MI plays, again, a deci-

sive role in the elimination of irrelevant features. Those

features sharing more information with the output vector

are maintained, while those not related to the output are

discarded. Basically, the MI between each remaining fea-

ture in Fs and the output is evaluated. After that the ‘‘sta-

tistical significance’’ of the outcome is assessed. The

relevance index Ri of feature Xi is estimated as
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Ri ¼ MIðXi; YÞ, where Y is the vector of labels, i ¼
1; 2; . . .;N and N is the number of features of Fs. If R is

zero or statistically not significant (once we are dealing

with MI estimators), feature is discarded.

In order to evaluate the significance of R, each feature

has its elements permuted while the output vector remains

unchanged, and then, the R index is evaluated again. This

process is repeated np times in order to build a cumulative

distribution function of the relevance index (Rp) for each

feature. A threshold value is set to determine if R is sig-

nificant or not. The threshold is set as the 95th percentile

(R95th
p ) of the Rp CDF, meaning that 95% of the observed

Rp values are smaller than this value in the CDF distribu-

tion. Therefore, if R[R95th
p ; then R can be considered as a

significant (nonzero) relevance value and feature is not

discarded, as described in Algorithm 2.

5 Experiments

Experiments were performed with the following classifi-

cation problems, all of them from UCI Machine Learning

Repository [27]:

– SONAR: sonar data set with 208 samples and 60

features;

– PEN: handwritten digits data set with 2111 samples and

16 features;

– KDD: knowledge discovery data mining competition

data set with 600 samples and 41 features;

– ILPD: indian liver patients data set with 583 samples

and 10 features;

– IONO: ionosphere data set with 351 samples and 34

features.

The feature selection method was applied considering dif-

ferent proportions of labeled and unlabeled data: 30 and

70% of the dataset. For each problem, we first perform

feature selection with the proposed method and with k value
calculated as proposed in Sect. 3. Considering only the

selected features in the training set, two classifiers were

trained: multilayer perceptron (MLP) and linear

discriminant analysis (LDA). The first one because it is a

nonlinear classifier and second one because it is robust and

less sensitive to parameters in experiments with many trials.

We also applied two supervised feature selection methods

found in the literature (Relief [12] and Random Forest (RF)

[10]) to the same training sets of each problem (now only

over labeled data). The selected features are used to train the

same classifiers, and the results are compared in order to

show that the use of unlabeled data in the process can lead to

better results. For each percentage of labeled data, the

feature selection method was repeated 30 times, with

training and test sets randomly selected at each trial.

In order to show that the proposed approach to select k
can achieve good results, experiments for a given data set

were accomplished with different values of k, according to

the discussion presented in Sect. 3.

6 Results

For the IONO problem, we performed the proposed feature

selection method for different values of k including the one

proposed in Sect. 3. The results are shown in Tables 1 and

2. For this problem, kmean � 0:12. As can be seen, the

accuracies achieved by kmean for different proportions of

labeled data and for the different classification methods

using the selected feature subsets are the best ones except

for the case where Pl ¼ 70%. The best results are marked

in bold. There are reports in the literature [23] that show

Table 1 Final number of selected features for IONO problem

pl (%) ns k

0 0.05 0.1218 0.2 0.5 1

30 min ns 1 2 4 2 2 4

max ns 1 23 22 25 30 17

ns 1 10.4 12 9.4 9.1 9.6

70 min ns 1 2 4 4 2 2

max ns 2 6 12 8 10 15

ns 1.1 4.6 6.9 5.6 5.4 5.5
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accuracy results from 90 to 92% for a classification task

using a MLP trained with all 34 features of the IONO

problem. SSFC selected from 4 to 12 features on average as

can be seen in Table 1.

For the initial set of 41 features of KDD, SSFC resulted

on feature set sizes ranging from 12 to 17 features. This

result is consistent with the one reported in [17], which

ended up with 12 features for the same classes that were

considered in this work (normal use and smurf intrusion).

Also, as shown in Table 4, all accuracy results were high,

showing that the selected features are relevant for the

discrimination problem. Tables 3 and 4 also show the

outcomes of experiments with different percentages of

labeled data. As more label information was available,

feature set size and accuracy increased for the KDD data-

set. The increase in classification accuracy due to the

increase in the percentage of labeled data was expected,

since more labeled data are available to induce the classi-

fier. Its relation with the feature set size, however, shall

depend of the problem. Nevertheless, it is clear that with a

larger number of labeled data, the calculation of feature

relevances is more accurate. This will affect the two basic

steps of the proposed method as follows:

• in the first phase, when redundancies are eliminated, the

B term of Eq. 1 affects the S index of each pair of

features, which has a direct impact in the feature

similarity rank and on the cluster sizes;

• in the second phase, when irrelevant features are

discarded, ranking is also affected, since as more

labeled data is included, data set distribution changes

gradually and affects feature ranking.

The proposed SSFC method selected between 2 and 4

features from the initial set of 10 features in the ILPD

problem, as shown in Table 3. Table 4 lists accuracies

achieved by LDA and MLP classifiers. Due to the non-

linear nature of the problem, MLP performed much better

when trained with the selected feature subset. Feature set

reduction was more effective than reported in the literature

for the same data set; however, the data set used in this

work has less features than the one reported in [20]. Most

relevant features reported in [20] were: total bilirubin,

direct bilirubin, indirect bilirubin, albumin. With 70% less

Table 2 Accuracies achieved

by classification models trained

considering the final set of

selected features for IONO

problem

k Acc� r

LDA MLP

pl = 30% pl = 70% pl = 30% pl = 70%

0 0.572 ± 0.078 0.547 ± 0.084 0.8 ± 0.061 0.796 ± 0.054

0.05 0.848 ± 0.051 0.799 ± 0.05 0.862 ± 0.042 0.874 ± 0.05

0.1218 0.865 ±0.045 0.807 ± 0.046 0.867 ± 0.048 0.879 ± 0.051

0.2 0.849 ± 0.056 0.8 ± 0.048 0.856 ± 0.057 0.876 ± 0.05

0.5 0.832 ± 0.058 0.807 ± 0.052 0.859 ± 0.05 0.873 ± 0.055

1 0.852 ± 0.045 0.792 ± 0.055 0.861 ± 0.051 0.886 ± 0.046

Bold results are the best ones

Table 3 Final number of selected features

Problems pl (%) ns Methods

SSFC Relief RF

IONO 30 min ns 4 1 1

max ns 22 33 33

ns 12 25.5 16.4

70 min ns 4 33 1

max ns 12 33 33

ns 6.9 33 30.9

ILPD 30 min ns 1 1 1

max ns 2 9 9

ns 1.9 2.8 4.3

70 min ns 1 1 1

max ns 4 4 9

ns 2.1 1.5 4.2

KDD 30 min ns 12 1 1

max ns 13 16 3

ns 12.7 4.7 1.9

70 min ns 16 1 1

max ns 17 15 2

ns 16.7 3.8 1.1

SONAR 30 min ns 4 1 1

max ns 6 59 6

ns 5.3 19.4 2.2

70 min ns 9 1 1

max ns 13 9 59

ns 11.6 2.9 4.2

PEN 30 min ns 10 1 1

max ns 13 2 2

ns 12.2 1.1 1.4

70 min ns 11 1 1

max ns 13 1 1

ns 12.4 1 1
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data samples, the method proposed in this work selected

the following features: total bilirubin, direct bilirubin, sgot

alamine aminotransferase, sgot aspartate aminotransferase.

The last two features selected by SSFC are classified as 5th

and 6th relevant features in [20]; however, indirect

bilirubin is not present in the ILPD data set used in our

experiments. The data set used in [20] contains 12 features,

while ours contains only 10 features. Feature albumin was

initially selected by the first step of our method; however, it

was discarded since it had lower relevance in relation to the

output variable. As can be seen, the MLP classifiers trained

with features selected by SSFC achieved almost the same

accuracy when compared with results for Relief and RF

methods in this problem. As can be seen in Table 3, on

average, with 30% of labeled instances SSFC selects 2

features and with 70% of data the number of selected

features increased to approximately 4. For higher propor-

tions of labeled data, there is no relevant difference in the

final number of selected features. Nevertheless, the accu-

racy on the test set is not substantially affected by the

increase in the data set size. This problem has 583

instances with 10 dimensions with two unbalanced classes.

Data were randomly selected for training in order to

maintain the original class proportions.

For the SONAR problem, the SSFC method selects

between 4 and 13 features in a set of 60 original features.

This problem has much less data than the total number of

features, which may result in a higher sensitivity to the

curse of dimensionality problem. In [7], the authors

achieved 81% accuracy on average, for different numbers

of hidden neurons in a MLP network, considering all 60

features. LDA yielded 78% accuracy using feature subsets

composed of about 10 features, chosen when considering

70% of labeled data. Also, results achieved by SSFC are

better than those achieved by Relief and RF except for the

MLP with Pl ¼ 70%.

For the PEN problem, SSFC was able to select, on

average, 12 features from the original set containing 16

features and for different proportions of labeled data, as can

be seen in Table 3. In all experiments, both LDA and MLP

achieved up to 99% accuracy on average (see Table 4). In

[1], the authors achieved, according to the network config-

uration, from 92 to 98% accuracy on a test set, using MLP

and considering all 16 features. Since SSFC achieved at least

98% accuracy on average, using about 12 features we can

conclude that the discarded features are irrelevant, and, of

course, SSFC was able to identify the most relevant features

and performed much better than Relief and RF.

For the IONO problem, as can be seen in Table 3 the

SSFC method select, in average, less features than super-

vised methods Relief and RF. We also can note in Table 4

that for Pl ¼ 30%, features selected by SSFC resulted in

better accuracies than Relief and RF. In other words, with

less labeled data, supervised methods loss accuracy, while

SSFC do not in this problem.

7 Conclusions

This work presented a new method for feature selection

that is capable of considering sources of information from

labeled as well as from unlabeled data. In this semi-su-

pervised feature selection framework, the method is based

on the idea of eliminating redundancy by feature

Table 4 Accuracies achieved

by classification models trained

considering the final set of

selected features

Problem Method Acc� r

LDA MLP

pl ¼ 30% pl ¼ 70% pl ¼ 30% pl ¼ 70%

IONO SSFC 0.865 ± 0.045 0.807 ± 0.046 0.867 ± 0.048 0.879 ± 0.051

Relief 0.810 ± 0.037 0.867 ± 0.030 0.855 ± 0.051 0.917 ± 0.027

RF 0.811 ± 0.045 0.864 ± 0.034 0.837 ± 0.053 0.901 ± 0.040

ILPD SSFC 0.517 ± 0.068 0.524 ± 0.054 0.701 ± 0.025 0.706 ± 0.026

Relief 0.710 ± 0.011 0.717 ± 0.027 0.713 ± 0.017 0.718 ± 0.029

RF 0.711 ± 0.015 0.712 ± 0.028 0.713 ± 0.015 0.701 ± 0.081

KDD SSFC 0.998 ± 0.005 0.995 ± 0.008 0.997 ± 0.007 0.997 ± 0.006

Relief 0.994 ± 0.004 0.978 ± 0.094 0.739 ± 0.253 0.654 ± 0.218

RF 0.994 ± 0.003 0.991 ± 0.006 0.718 ± 0.262 0.562 ± 0.183

SONAR SSFC 0.737 ± 0.107 0.780 ± 0.071 0.719 ± 0.108 0.722 ± 0.091

Relief 0.649 ± 0.080 0.732 ± 0.048 0.661 ± 0.084 0.735 ± 0.065

RF 0.678 ± 0.061 0.714 ± 0.046 0.634 ± 0.091 0.738 ± 0.048

PEN SSFC 1.000 ± 0.001 1.000 ± 0.001 0.999 ± 0.002 0.999 ± 0.002

Relief 0.999 ± 0.001 0.399 ± 0.498 0.585 ± 0.240 0.209 ± 0.270

RF 0.999 ± 0.001 0.999 ± 0.001 0.699 ± 0.253 0.524 ± 0.094
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clustering. The method adopts a novel semi-supervised

approach, since labeled and unlabeled data are taken into

account in the new similarity index, which is also proposed

in this work. SSFC can be directly applied to multiple

variables by incorporating them to the MI estimation.

Stopping criterion for feature clustering can also incorpo-

rate further overall performance strategies, since it is based

only on the significance level of S. The method, however,

achieved competitive results with less features then previ-

ous works in the literature with the same data sets. It is

interesting to highlight that the proposed method per-

formed well even with a small number of labeled data.
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