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Abstract. The paper presents an original filter approach for effective
feature selection in classification tasks with a very large number of input
variables. The approach is based on the use of a new information theo-
retic selection criterion: the double input symmetrical relevance (DISR).
The rationale of the criterion is that a set of variables can return an
information on the output class that is higher than the sum of the infor-
mations of each variable taken individually. This property will be made
explicit by defining the measure of variable complementarity. A feature
selection filter based on the DISR criterion is compared in theoretical
and experimental terms to recently proposed information theoretic cri-
teria. Experimental results on a set of eleven microarray classification
tasks show that the proposed technique is competitive with existing fil-
ter selection methods.

1 Introduction

Statisticians and data-miners are used to build predictive models and infer de-
pendencies between variables on the basis of observed data. However, in a lot
of emerging domains, like bioinformatics, they are facing datasets characterized
by a very large number of features (up to several thousands), a large amount of
noise, non-linear dependencies and, often, only several hundreds of samples. In
this context, the detection of functional relationships as well as the design of ef-
fective classifiers appears to be a major challenge. Recent technological advances,
like microarray technology, have made it possible to simultaneously interrogate
thousands of genes in a biological specimen. It follows that two classification
problems commonly encountered in bioinformatics are how to distinguish be-
tween tumor classes and how to predict the effects of medical treatments on
the basis of microarray gene expression profiles. If we formalize this prediction
task as a supervised classification problem, we realize that we are facing a prob-
lem where the number of input variables, represented by the number of genes,
is huge (around several thousands) and the number of samples, represented by
the clinical trials, is very limited (around several tens). Because of well-known
numerical and statistical accuracy issues, it is typically necessary to reduce the
number of variables before starting a learning procedure. Furthermore, select-
ing features (i.e. genes) can increase the intelligibility of a model while at the
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same time decreasing measurements and storage requirements [I]. A number
of experimental studies [2,[3l[4] have shown that irrelevant and redundant fea-
tures can dramatically reduce the predictive accuracy of models builded from
data.

Feature selection is a topic of machine learning whose objective is selecting,
among a set of input variables, the ones that will lead to the best predictive
model. Two well-known approaches in feature selection combine a search strat-
egy with a stochastic evaluation function: the filter approach and the wrapper
approach (see [3,2]). In the wrapper approach, the evaluation function is the
validation outcome (e.g. by leave-one-out) of the learning algorithm itself. In
the filter approach, examples of evaluation functions are probabilistic distance,
interclass distance, information theoretic or probabilistic dependence measures.
These measures are often considered as intrinsic properties of the data, because
they are calculated directly on the raw data instead of requiring a learning model
that smoothes distributions or reduces the noise.

This paper will focus on the use of filter techniques for feature selection in su-
pervised classification tasks. In particular, we present an original filter approach
based on a new information theoretic selection criterion, called the double input
symmetrical relevance (DISR). This criterion combines two well known intuitions
of feature selection: first, a combination of variables can return more informa-
tion on the output class than the sum of the information returned by each of
the variables taken individually. This property will be made explicit by defin-
ing the notion of variable complementarity. Secondly, in absence of any further
knowledge on how subsets of d variables should combine, it is intuitive to as-
sume a combination of the best performing subsets of d — 1 variables as the
most promising set. This intuition will be made formal by the computation of a
lower-bound on the information of a subset of variables expressed as the average
of information of all its sub-subsets.

The DISR criterion can be used to select among a finite number of alternative
subsets the one expected to return the maximum amount of information on the
output class. As we intend to benchmark its performance with respect to state-
of-the-art information theoretic criteria we define an experimental session where
several filter algorithms with different selection criteria but the same search
strategy are compared. In our experiments we compare the filter based on DISR
with four state-of the art approaches: a Ranking algorithm [5] and three filters
based on the same search strategy: the forward selection. The three state-of-the-
art criteria are the Relevance criterion [6], the Minimum Redudancy Maximum
Relevance criterion [7] and the Conditional Mutual Information Maximization
criterion [8]. The assessment of the different filters is obtained by measuring
the classification accuracy of several learning algorithms which adopt as inputs
the set of variables returned by each of the filter methods. For our benchmark
purposes, we use eleven public-domain multi-class microarray gene expression
datasets. The experimental results show that the proposed technique is compet-
itive with existing filter selection methods.



