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ABSTRACT 

Feature selection & extraction refers to the task of 
dimensionality reduction and discriminant capacity 
control (1, 2). 
The problem of selecting features related to a given 
outcome occurs in various machine learning 
applications. It is one of the most important issues in 
classification problems, because the choice of features 
can have a large impact on the performance of the 
produced classifier. This is a particularly relevant issue 
in the context of microarray datasets with thousands of 
features, most of which are likely to be uninformative or 
irrelevant for classification purposes (3). 
Whilst the development of high throughput techniques 
such as microarray and proteomics has enormous 
potential to increase our understanding of biological 
system (4), cautionary tales against possible “noise 
discovery” has been published (5). 
The need to suppress surrounding noise while extracting 
information has become imperative in order to face the 
challenge of relevant discovery in the molecular era. 
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INTRODUCTION 

The objective of the present study is to provide a 
starting point for a methodological approach to the 
design of benchmark studies aimed at the evaluation of 
performances of feature selection & extraction methods 
(from now on, simply FSE methods) applied to publicly 
available microarray datasets in Breast Cancer studies. 
A set of measures will be proposed with the objective of 
studying the behaviour of these methods concerning the 
key characteristics of: 
 
- efficiency; it can be measured directly by its training, 
tuning and running time 
 
- effectiveness; it can be evaluated directly only over 
synthetic data, showing how the selected subset are 
similar to the optimal one. For real-world microarray 
data, only the predictive accuracy of the resulting model 
on the selected features can be used as an indirect 
measure.  
 
- reliability; the repeatability of features selected 
measured within a re-sampling scheme (e.g. bootstrap 
or K-fold cross-validation). 
 
- descriptive capacity; it might be evaluated by means 

of information theory based measures and visualization 
techniques which could focus on the features ability to 
explain the underlying class structure. 
This study should be viewed in the context of the 
benchmark and data-warehouse in microarray breast 
cancer research, anticipated in (6). 
 
 
MATERIALS AND METHODS 

Study Design 

Such a kind of benchmark studies should be designed as 
retrospective (observational) study. 
According to Altman (7) and Pepe (8) terminology, 
these studies might be considered a phase I-II diagnostic 
study. In fact, their purpose is basically exploratory and 
they are aimed to evaluate FSE methods performances 
on extracting the information value provided by gene 
expression profiling in breast cancer.  
 
 
Study Subject 
 
Study subjects are to be enrolled from breast cancer 
prognosis microarray studies on survival-related 
outcomes as overall or event-free survival (e.g. subjects 
who developed distant metastases within 5 years or 
subjects who continued to be disease free after a period 
of at least 5 years). 
Currently available case-control studies with 
convenience sampling have different eligibility criteria 
for subject enrolment. Benchmarking FSE techniques 
on such a set of different operating settings would 
enable a more robust performance estimate. 
 
 
Study Dataset 

A “test bed” benchmark dataset repository is to be set 
up with Breast Cancer microarray datasets. 
The datasets eligible for enrolment will be identified 
through the review process foreseen in (6).  
The datasets should be publicly available in order to 
enable the reproducibility of results. 
All available microarray datasets of breast cancer 
prognosis should be enrolled provided that they come 
from studies which earned scientific recognition and 
published in the last five years. 
Quoting Russo et al. (9), the study of van’t Veer et al. 
(10) has been one of the most extensive and informative 
studies performed to date. The dataset published in (10) 
will be therefore included in the benchmark dataset 
repository, taking into account of a great number of 



studies which have re-analyzed it (11–16). 
 
All the datasets originated from studies which compared 
their results to those published in (10) are to be carefully 
evaluated for the enrolment. 
 
When applicable, original measures should be preferred 
to pre-processed dataset in order to prevent data 
transforming techniques from discarding relevant 
information and to avoid relying on possibly unrealistic 
assumptions. 
 
Considering the high costs associated with microarray 
studies, the limited number of samples measured is a 
notorious challenge in microarray data analysis. For this 
reason, an additional eligibility criterion for the 
minimum number of patients that should be enrolled in 
the study is still an open issue. 
 
 
FEATURE SELECTION AND EXTRACTION 
METHODS 
 
For many classifiers, it is important to perform some 
type of feature selection; otherwise performance could 
degrade substantially with a large number of irrelevant 
features (3). 
It can moreover be necessary to adopt different FSE 
techniques in succession in order to cope with practical 
limitation (memory or computation) of FSE algorithm 
implementations. 
Langley (17) grouped different feature selection 
algorithms into two broad categories: the filter and the 
wrapper methods. 
Filter methods perform FSE explicitly, independently of 
the inductive algorithm hence prior to the building the 
classifier, in contrast to wrapper methods which perform 
FSE implicitly as an inherent part of the classifier 
building process hence using the inductive algorithm as 
the evaluation function. 
In filters, the characteristics in the feature selection are 
less correlated to that of the subsequent learning method 
applied; therefore they have better generalization 
property.  
Since in wrapper methods the usefulness of a feature is 
directly judged by the estimated accuracy of the 
learning method, Furnarello et al. (34) stressed the need 
to control the “selection bias” related to the optimization 
of a classification rule typical of wrapper algorithms. 
Yu and Liu (49) claimed that when the number of 
features becomes very large, the filter model is usually a 
choice due to its computational efficiency. 
Promising filter FSE techniques, which should be run 
over the benchmark repository datasets, are in 
particular: (Kernel) Principal Component Analysis (13, 
14, 18), Factor Analysis (19), (Kernel) Canonical 
Correlation Analysis (18, 20) and Independent 
Component Analysis (21, 22). 
 
Visualization techniques like Neuroscale (Lowe and 
Tipping (47)) and Generative Topographic Mapping 

(Bishop et al. (48)) could also provide useful insight of 
the data structure as well as describing the intrinsic 
power of the selected features through a projection onto 
a latent space.   
 
 
Performance evaluation techniques 
 
An optimal subset of features is always relative to a 
certain evaluation function i.e. an optimal subset chosen 
using one evaluation function may not be the same as 
that which uses another evaluation function (23). 
There are many possible measures for evaluating feature 
selection algorithms and classification models (23, 24). 
Three different types of performance evaluation studies 
should be conducted: 
 
- Information Content Analysis 
 
- Classification Model Behaviour Study 
 
- Cost of FSE. 
 
To the aim of features stability evaluation and 
classification performance results validation, bootstrap 
re-sampling methods have to be adopted (25, 26). 
For each dataset in the repository at least 500 bootstrap 
samples of training sets should be constructed, where, 
all the subjects are randomly re-sampled with 
replacement. 
The number of bootstrap samples has to be increased for 
confidence interval estimations. 
The competing FSE algorithms will be run over the 
same bootstrap samples. 
 
The significance of a feature is correlated with the 
repeatability of selection according to the probabilistic 
analysis given in Fu and Fu-Liu (36). They considered 
the validity of a selected gene by its reliability in the 
sense that more often a gene is selected; the less likely 
chance is a factor. 
Feature stability can be measured by the average level 
of agreement between set of relevant features chosen in 
all the bootstrap samples and can be evaluated by means 
of Jaccard index, as proposed by Yeung and Bumgarner 
(12). 
 
 
Information Content Analysis 
 
The goal of training classification model is to reduce the 
uncertainty about predictions on class labels C for the 
known observations X as much as possible. 
Among non-linear correlation measures, many measures 
are based on the information-theoretical concept of 
entropy. The entropy of a variable X is defined as: 
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It is a measure of uncertainty of a random variable X. 



The uncertainty of the random variable C, the class 
label, measured by its entropy H(C) can be decomposed 
in H(C) = H(C|X) + I(X,C), where I(X,C) measures the 
certainty about C that is resolved by X (also known as 
the information gain), and H(C|X) measures the residual 
uncertainty about C. In this term, the goal of feature 
selection is to achieve the higher I(X,C) with the fewer 
features.  
As claimed by Liu et al. (33), a serious deficiency of 
currently used multivariate approaches for feature set 
selection is that they are based on selecting genes which 
are maximally relevant with respect to the classes in 
study. The problem with this approach is that there 
might still be genes among the selected set that are 
heavily correlated with each other and thus leading to a 
redundancy in the selected feature set. 
 
In this kind of benchmark studies, relevance and 
redundancy of the selected features should be analyzed 
through investigation of information based measures 
proposed in literature.  
Attention have to be paid to the relevance and 
redundancy measures: 1) based on the mutual 
information described in (27–29) 2) based on the 
Markov-blanket approach (30) and its approximation 
through the symmetrical uncertainty measure (31) and 
adopted in (32) 3) based on the normalized mutual 
information described in (33) 4) entropy based SVM 
weight distribution (34). 
More details about the above mentioned approaches are 
available in appendix A. 
 
When appropriate, the test published in (35) could be 
adopted in order to assess whether the features selected 
by each FSE algorithm are significantly related to the 
clinical outcome of interest. 
 
Relevance of features repeatedly selected from different 
combination of data instances composing bootstrap 
samples could also be analyzed as described in (36). 
 
If applicable, a between-datasets comparison of the 
different selected features (e.g. subsets of selected 
genes) should be performed. To this aim, integrating the 
data with Gene Ontology function classifications would 
allow the identification of certain clusters of genes with 
good correlation.  Resources containing annotation data 
for several gene expression platforms and functions to 
match genes across platforms using either Unigene-ids 
or the actual base sequence are cited in (37). 
 
 
Descriptive model behaviour study 
 
An optimal validation procedure should check whether 
the FSE algorithm output (selected subset of features) is 
the same as the actual subset of relevant features. 
Unfortunately the actual subset is unknown in the case 
of real-world datasets chosen for benchmarking. 
The selected subset of features will be therefore tested 
for its accuracy with the help of a committee of 

classifiers suitable for this task.  
As different selection methods have a different bias in 
selecting features, similar to that of different classifiers, 
it is not fair to use only certain combinations of FSE 
methods and classifiers and try to generalize from the 
results that some feature selection methods are better 
than others without considering the classifiers (23). It is 
therefore necessary that the features extracted from each 
FSE methods are used in the following classifiers: 
Fisher Linear Discriminant Analysis (14, 38), logistic 
classifier (13) and (least squares) support vector 
machine (14).  
 
For each classifier, typical ROC measures should be 
ascertained: True Positive Rate (TPR), False Positive 
Rate (FPR) and the Area under the Curve (AUC). 
The prognostic/diagnostic value of the classifier should 
be also described by means of positive/negative 
Diagnostic Likelihood Ratios (DLR), since they 
quantify the increase in knowledge that is gained 
through the classifier. 
Point and interval estimates will be computed using the 
formula given in Pepe (8). 
 
Overall performances comparison could be investigated 
by adopting the test statistic proposed by Pesarin (39), 
and specifically advised in Hothorn et al. (40) for 
benchmark studies. Being K the number of algorithm 
being benchmarked over B learning samples and pkb the 
performance of the kth algorithm of the committee 
provided by the bth learning sample, the statistic: 
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can be used to test whether the K algorithms perform 
equally well against the alternative that at least one of 
them outperforms all other candidates. To this aim, it 
can be constructed a permutation test, obtaining the null 
distribution by permuting the labels of the K algorithms 
for each of the B samples, independently. 
  
For the purpose of pair-wise comparison of promising 
algorithms various metrics might be used: absolute 
differences, odds ratios and relative probabilities. The 
preference is for the latter, hence point and interval 
estimates of: relative false positive rate (rFPR), relative 
true positive rate (rTPR) and relative diagnostic 
likelihood ratio (rDLR) have to be computed as showed 
in (8). 
In the case that large-scale comprehensive population-
based study is made available, the analysis for the 
determination of which covariates affect ROC measures 
might be performed as advised in (8). 
 
In the case of standard clinical predictor could be 



compared to predictors of disease outcome derived from 
gene expression levels, this will be done in an unbiased 
way, e.g. pre-validation (11). 
 
 
Cost of FSE analysis  
 
In this kind of studies the total costs incurred by the 
“number-crunching machines” due to FSE analysis have 
to be investigated. 
Both direct and indirect costs are included in this form 
of cost analysis. 
Costs are here conceived as computing time directly 
elapsed during FSE analysis or indirectly to the extent it 
affects the time required by the subsequent classifier 
building process. 
 
Information about the different computing facilities 
exploited by each FSE algorithm should be listed for a 
critical appraisal of the costs incurred. 
 
It shall be however noted that this comparison of 
computational efficiency is purely indicative and should 
not be considered an exhaustive cost analysis study 
because of the prototype nature of the algorithms 
involved and the runtime interpreted software 
environments. 
 
The information collected for cost-of-FSE could be 
subsequently used for the conduction of the more 
informative cost-effectiveness/utility analyses 
considering the impact of costs on the performances in 
terms of information content and the subsequent 
classification accuracy.  
 
 
E-SCIENCE INFRASTRUCTURE 
 
The participants to these studies should be able to 
cooperate exploiting a set of tools that will be made 
available within the dedicated directory, as foreseen in 
the Biopattern web portal. In particular, a working 
group forum and a document repository for the delivery 
of reports should be available. 
Such a directory could also provide a Concurrent 
Versioning System (CVS) service for the maintenance 
of a common software repository of data handling 
routines. 
 
The analysis could be performed using different 
software environments; the choice of the latest version 
of the open source R (41) and Matlab (42) is preferred. 
The software repository should initially consist of a set 
of import procedures for each enrolled dataset and for 
all the analysis environments considered. This software 
repository will be shared among the participants and 
collected into this Project directory within the 
Biopattern web site. 
 
It should be investigated the feasibility to get all the 
different algorithms run on a same machine. If 

necessary, an application for hiring time on a high 
performance number crunching machine could be made. 
 
With the objective of moving towards the Virtual 
Research Group foreseen in (43), it should be 
considered to exploit grid facilities made available to 
the Biopattern project members. Parallel version of 
statistical procedures could be considered, in particular 
for bootstrap model evaluation. The Simple Network of 
Workstation (SNOW) package (44) is a promising effort 
in R environment, since with suitable support software, 
such as the Globus toolkit environment (45), it should 
also be possible to use a computational grid as the 
engine. Eventually, focus shall be made towards 
collaborative applications Grid (46), enabling and 
enhancing human-to-human interactions with a shared 
use of data archives and simulations. 
 
Such a Virtual Research Group could also help to 
address community-wide issues like the skewness of the 
results. Similarly to what happen for reviews of 
publications, if researchers work separately, only those 
who get significant results will publish. To understand 
the possible consequence of this, one can imagine that, 
if a great number of researchers working separately try 
to study the effects of two particular FSA algorithms to 
determine which one is better, some of them might get 
significant result only due to chance. 
The possibility to discuss, develop and share a common 
methodological framework for comparative studies is 
the ultimate goal of this study and its associated sub-
project (6). 
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APPENDIX A 
 
This appendix examines feature subset selection 
methods based on Information Theory. 
The importance of minimum redundancy and maximum 
relevancy in gene selection is pointed out in Ding and 
Peng (27).  Their argument was that if a gene has 
expressions randomly or uniformly distributed in the 



different classes, its mutual information with these 
classes is zero. If a gene is strongly differentially 
expressed for different classes, it should have large 
mutual information. The mutual information between 
two random discrete variables x, y is defined by: 
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with p(x,y), p(x) and p(y) the joint probabilistic 
distribution and marginal distributions of the two 
variables. 
Ding and Peng proposed mutual information as a 
measure of relevance of genes. Their idea of minimum 
redundancy is to select genes such that they are 
maximally dissimilar, using the mutual information to 
measure the level of “similarity” between genes. Their 
redundancy criterion is defined by: 
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where gi is the ith gene expression and |S| the number of 
the selected features in the S subset. 
To measure the level of discriminant power of genes 
when they are differentially expressed for different 
classes in study, the following relevance criterion was 
proposed: 
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being C the target class.  
Ding and Peng proposed also the two different 
optimization measures to be maximized during a feature 
selection procedure: 
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Since mutual information tends to favor features with 
more values, it should be normalized with their 
corresponding entropy. For this reason, Liu et al. (33), 
Yu and Liu (32) choose the symmetrical uncertainty 
measure (Press et al. 1988 (31)), defined as:  
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This measure is symmetrical and ranges from 0 (low 
mutual relevance) to 1 (high mutual relevance). A value 
closed to 1 indicates that the knowledge of one variable 
predicts the values of the other, whilst a value closed to 
0 indicates that X and Y are almost independent. 
 

It is to be noted however that such a pair-wise feature 
comparisons approach could not determine exactly 
feature redundancy.  To this aim, an optimal measure is 
provided by the Markov blanket criteria defined by 
Koller and Sahami (30), as follows: 
 
Let F be the full set of feature and C the class label. 
Given a feature Fi, let FM i ⊂  ( )ii MF ∉ , Mi is said 
to be a Markov blanket for Fi iff: 
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The Markov blanket condition requires that Fi is 
conditionally independent of Si given Mi; that is Fi gives 
no information about Si beyond what is already in Mi. 
A feature Fi is therefore said to be redundant iff has a 
Markov blanket within the set of features F. 
Unfortunately, finding a Markov blanket might be hard; 
searching for an optimal subset is combinatorial in 
nature and an exhaustive search is prohibitive with a 
large number of features. Searching for an optimal 
subset on a finite sample of data should be controlled 
for the implicit multiple-test Type I error. For these 
reasons, Koller and Sahami (30), Yu and Liu (32) 
developed and proposed iterative approaches which 
approximate the Markov blanket criterion. 
 
It shall however be underlined that the estimation of 
Markov blanket measures or entropy-based measures 
poses a great challenge when put in practice, since they 
need probability density functions (pdf). The point here 
is principally on continuous features. One possibility 
could be to discretise them and to use their histograms 
to estimate their pdf, simplifying substantially the 
integration operation for mutual information 
computations.  
As claimed by Huang and Chow (29), the accuracy of 
most histogram estimators is substantially degraded 
because of the sparse distribution of data in high-
dimensional space. 
Continuous kernel-based pdf estimators could be 
considered as a good alternative for performing feature 
selection. With continuous pdf estimators, the integral 
operation in the mutual information poses great 
computational difficulty. 
Huang and Chow (29) proposed a method to estimate 
mutual information by means of Gaussian function as 
kernel function and employing the quadratic mutual 
information estimator: 
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Using the properties of Gaussian pdf estimator the 
integrals can be substantially simplified (see Huang and 
Chow (29)). 


