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Abstract. This paper proposes the use of mutual information for fea-
ture selection in multi-label classification, a surprisingly almost not stud-
ied problem. A pruned problem transformation method is first applied,
transforming the multi-label problem into a single-label one. A greedy
feature selection procedure based on multidimensional mutual informa-
tion is then conducted. Results on three databases clearly demonstrate
the interest of the approach which allows one to sharply reduce the di-
mension of the problem and to enhance the performance of classifiers.

Keywords: Feature selection, Multi-Label, Problem Transformation,
Mutual Information.

1 Introduction

Multi-label Classification is the task of assigning data points to a set of classes
or categories which are not mutually exclusive, meaning that a point can belong
simultaneously to different classes. This problem is thus more general than the
traditional single-label classification which assumes each point belongs to exactly
one category; it is therefore often encountered in practice. As an example, in text
categorization problems, an article about the Kyoto Protocol can be labelled with
both politics and ecology categories. In scene classification, a picture could as
well belong to different classes such as beach and mountain [1]. Other domains
for which multi-label classification has proved useful also include protein function
classification [2] and classification of music into emotions [3].

Due to its importance, multi-label classification has been studied quite exten-
sively since a few years, leading to the development of numerous classification
algorithms. Some of them are extensions of existing single-label classification
methods such as AdaBoost [4], support vector machines (SVM) [5] or K nearest
neighbors [6] among others.

Another popular approach to multi-label classification consists in transform-
ing the problem into one or more single-label classification tasks. State of the art
algorithms such as SVM can then be used directly. The most popular transfor-
mation method is the binary relevance (BR) which consists in learning a different
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classifier for each label. In other words, the original problem is transformed into
C two classes single-label classification problems, where C is the number of pos-
sible labels. The ith (i = 1 . . . l) classifier decides whether or not a point belongs
to the ith class. The union of predicted labels for each point is the final output.
One of the major drawbacks of BR is that it does not take into account the
dependence which could exist between labels.

Label powerset (LP) is a different problem transformation method which does
consider this dependence. It treats each unique set of labels in the training set as
a possible class of a single-label classifier. The number of classes created this way
being potentially huge, Read et al. [7] recently proposed to prune the problem,
by considering only classes represented by a minimum number of data points.
Points with a too rare label are either removed from the training set or are given
a new label and kept. They called this approach pruned problem transformation
(PPT). See [7] for details.

Surprisingly, feature selection for multi-label classification has not received
much attention yet. Indeed, to the best of our knowledge, one of the few proposed
approach is the one by Trohidis et al. [3] which consists in transforming the
problem with the LP method, before using the χ2 statistic to rank the features.
However, feature selection is an important task in machine learning and pattern
recognition, as it can improve the interpretability of the problems, together with
performances and learning time of prediction algorithms [8].

This paper proposes to use mutual information (MI) to achieve feature selec-
tion in multi-label classification problems. More precisely, the problem is first
transformed with the PPT method and a greedy forward search strategy is then
conducted with multidimensional MI as the search criterion. This approach thus
considers dependencies between labels as well as dependencies between features,
which ranking approaches such as [3] do not.

The remaining of the paper is organized as follows. Section 2 briefly recalls
some basic concepts about MI, and introduces the estimator used. The method-
ology is described in Section 3, and the interest of the approach is experimentaly
shown in section 4. Section 5 concludes the work and gives some future work
perspectives.

2 Mutual Information

2.1 Definitions

MI [9] is a measure of the quantity of information two variables contain about
each other. It has been widely used for feature selection [10] mainly because of
its ability to detect non-linear relationships between variables. This not the case,
as an example, for the correlation coefficient. Moreover, MI is naturally defined
for groups of variables, which allows one to take feature dependence into account
during the feature selection process.
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MI of a couple of random variablesX and Y is formally defined in terms of the
probability density functions (PDF) of X , Y and (X,Y ), respectively denoted
as fX , fY and fX,Y :

I(X ;Y ) =
∫ ∫

fX,Y (ζX , ζY ) log
fX,Y (ζX , ζY )
fX(ζX)fY (ζY )

dζX dζY . (1)

In practice none of the PDF’s are known for real-world problems, and MI has
to be estimated from the dataset.

2.2 Estimation

In this paper, an MI estimator introduced by Gomez et al. [11] is used. It is
based on the Kozachenko-Leonenko estimator of entropy [12]:

Ĥ(X) = −ψ(K) + ψ(N) + log(cd) +
d

N

N∑
n=1

log(ε(n,K)) (2)

where ψ is the digamma function, K the number of nearest neighbors considered,
N the number of samples in X , d the dimensionality of these samples, cd the
volume of a unitary ball of dimension d and ε(n,K) twice the distance from the
nth observation in X to its Kth nearest neighbor. Throughout this paper, the
metric used in the X space is the Euclidean distance.

Basing their developments on (2), Kraskov et al. previously proposed two
estimators for regression problems. See [13] for details.

For classification problems, the probability distribution of the (discrete) class
vector Y is p(y = yl) = nl/N , whith nl the number of points whose class value
is yl. Rewriting MI in terms of entropies:

I(X ;Y ) = H(Y ) −H(Y |X), (3)

it is possible to derive the following estimator:

Îcat(X ;Y ) = ψ(N) − 1
N
nlψ(nl)+

d

N

[
N∑

n=1

log(ε(n,K)) −
L∑

l=1

∑
n∈yl

log(εl(n,K))

] (4)

where L is the total number of classes. εl(n,K) has the same meaning as ε(n,K)
but the set of possible neighbors for the nth observation is limited to the points
whose class label is yl.

This estimator has the crucial advantage that it does not require directly the
estimation of any PDF which is a particularly hard task when the dimension
of the data increases, due to the so-called curse of dimensionality. This curse
reflects the fact that the number of points needed to sample a space increases
exponentially with the dimension of the space. Histograms or kernel density esti-
mators [14] are thus not likely to work well in high dimensional spaces. Because
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it avoids such unreliable estimations, (4) is expected to be less sensitive to the di-
mension of the data; this family of estimators has already been used successfully
for feature selection [11,15].

3 Methodology

This section describes the methodology followed to achieve feature selection.
First, the multi-label problem is transformed using the PPT method defined
above [7], and the data points with a class label encountered less than t times
in the training set are discarded. The result of this transformation is thus a
multi-class single-label classification problem. The pruning has a double interest
here; it leads to a simplified version of the problem and ensures that all classes
are represented by at least t points. This last observation is crucial since the
MI estimator (4) requires the distance between each point and its Kth nearest
neighbor from the same class. It is thus needed that K < t.

Once the problem has been transformed, traditional feature selection tech-
niques can be used. In this paper, a greedy forward feature selection algorithm
based on MI is employed. It begins with an empty set of features and first selects
the feature whose MI with the class vector is the highest. Then, sequentially, the
algorithm selects the feature not yet selected whose addition to the current sub-
set of selected features leads to the set having the highest MI with the output.
This choice is never questionned again, hence the name forward. Of course, other
search strategies could also be considered such as backward elimination, which
starts with the set of all features and recursively removes them one at a time.

The procedure can be ended when a predefined number of features have been
chosen. Another strategy is to rank all the features and then to choose the
optimal number to keep on a validation set.

4 Experiments and Results

This section begins by introducing the performance criterias considered since
they differ from those used for single-label classification. The databases used in
the experiments are then briefly described and the results are eventually shown.

4.1 Evaluation Criteria

Two very popular evaluation criterias are considered in this study: the Hamming
loss and the accuracy. Let |M | be the number of points in a test set M , Yi,
i = 1 . . . |M |, the sets of true class labels and Ŷi the sets of labels predicted by
a multi-label classifier h.

The Hamming loss is then defined as:

HL(h,M) =
1

|M |
|M|∑
i=1

1
|C| |Yi Δ Ŷi| (5)
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whereΔ denotes the the symmetric difference between two sets, i.e. the difference
between the union and the intersection of the two sets. |C| is the number of
possible labels.

The accuracy is defined as:

Accuracy(h,M) =
1

|M |
|M|∑
i=1

|Yi ∩ Ŷi|
|Yi ∪ Ŷi|

. (6)

Of course, the smaller the Hamming loss and the higher the accuracy, the better
the classifier’s performances. It is important to note that all data points are
assumed to belong to at least one class. If it was not the case, the accuracy as
defined above (6) would be infinite.

4.2 Datasets

Three datasets are used for experiments in this paper.
The first one is the Yeast dataset. It is concerned with associating each gene

a set of functional classes. For the sake of simplicity, the data have been pre-
processed by Elisseeff and Weston [5] to consider only the known structure of
the functionnal classes. Eventually, the sample sizes of the training set and the
test set are 1500 and 917 respectively. There are 103 features and 14 possible
labels. The Scene dataset is also considered [1]. The goal here is the semantic
indexing of scenes. The number of samples is 1211 for the training set and 1196
for the test set. There are 294 features and 6 labels. The last dataset is called
Emotions and is about the classification of music into emotions [3]. Among the
593 samples, 391 are used as the training set and the 202 other as the test set.
The number of features and of labels is 72 and 6 respectively. The proposed
training set/testing set splittings are the ones traditionally used in the multi
label classification litterature.

The three datasets are available for download in ARFF format at the web
page of the Mulan project1 .

4.3 Experimental Results

The k nearest neighbors based multi-label classification algorithm introduced by
Zhang and Zhou [6] is used to illustrate the interest of the proposed approach.
To determine the set of labels of a new instance, the algorithm first identifies
its k nearest neighbors. Then, based on their labels, the maximum a posteriori
principle is used to predict the label set of the new instance. As suggested by
the authors, the value of the parameter k has been set to 7.

The problem transformation is only used to achieve feature selection. Once the
features have been ranked, the original multi-label problem is considered again
with all the samples. The number of neighbors considered in the MI estimator
(4) isK = 4 and the t parameter for the PPT is fixed to 6. These values have been

1 http://mulan.sourceforge.net/datasets.html
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Fig. 1. Accuracy (left) and Hamming loss (right) of the k nearest neighbors classifier
as a function of the number of selected features for the Emotions dataset

Fig. 2. Accuracy (left) and Hamming loss (right) of the k nearest neighbors classifier
as a function of the number of selected features for the Emotions dataset

Fig. 3. Accuracy (left) and Hamming loss (right) of the k nearest neighbors classifier
as a function of the number of selected features for the Emotions dataset
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chosen as a compromise between the need to consider a sufficiently large number
of neighbors in the MI estimator and the fact that in [7], better performances
are usually obtained with a small value of t.

Figures 1 to 3 show the Hamming loss and the accuracy of the classifier on
the test set of the three datasets with the MI based feature selection (denoted
as MI). For comparison, the results obtained with the approach by Trohidis et
al. [3] are also presented (and are denoted as χ2).

The results clearly demonstrate the interest of the MI based approach and its
advantage over the method based on the χ2 statistic. Particularly, the proposed
approach always leads to an increase in performance both for the Hamming
loss and the accuracy compared with the case no feature selection is considered.
This is not the case for the Hamming loss with the χ2 based approach on the
Yeast and Scene datasets and the differences between the two approach perfor-
mances are particularly obvious for those two datasets. The results are much
more comparable for the Emotions dataset for which both methods result in a
large improvement of the classifier performances.

As already stated, the good behaviour of the proposed methodology can be
explained by the use of a powerful criterion combined with an approach taking
relations between features into account. Indeed, the forward selection procedure
described above is expected to better handle redundancy between features than
simple ranking methods do. This is fundamental since a feature, even with a high
predictive power, is useless if it carries the same information about the output
than another selected feature; it should therefore not be selected.

The same experiments have been carried out with a SVM classifier working
directly on the transformed and pruned problem. The results obtained confirm
those presented in this paper. However, due to space limitations, they are not
presented here.

5 Conclusions

This paper is concerned with feature selection for multi-label classification, a
problem which has up to now received little attention despite its great impor-
tance and the amount of work recently proposed on multi-label classification.

It is suggested to use multidimensional mutual information after the trans-
formation of the multi-label problem to a single-label one through the pruned
problem transformation method. To this end, a nearest neighbors based MI esti-
mator is used, as it is believed to behave well when dealing with high-dimensional
data. The estimator is combined with a simple greedy forward search strategy
to achieve feature selection.

Results on three real-world datasets coming from different domains show the
interest of this new approach compared with a strategy based on the χ2 statistic
in terms of the Hamming loss and the accuracy of a classifier.

Future work should include the study of the influence of the pruning param-
eter; it could be possible to tune this parameter to maximise the performances of
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the classifiers. A trade-off should then be found between the increase in perfor-
mances and the computation load of validation procedures such as k-fold cross
validation.

Besides the basic stopping criteria proposed in Section 3, much sophisticated
strategies can be thought of. As an example, Damien et al. proposed a stopping
criterion based on resampling and the permutation test [16]. The basic idea is
to halt the procedure when the addition of a new feature does not improve
significantly the MI between the selected features an the output. This approach
could be applied to the problem considered in this paper.
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