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Feature Subset Selection

Problem definition

@ Feature subset selection (FSS) problems: Select a subset
of relevant variables in the context of a classification
algorithm

Categories of FSS techniques (Saeys et al:2007)

@ Eliminating redundant or irrelevant features can increase
the classification accuracy

@ Reducing the number of features allows a better
understanding of the problem

@ The classification process can be faster with less features

o



Feature Subset Selection

Randomized wrapper approach

@ A heuristic search is added to the search of features

@ The choice of the classifier influences the output of the
algorithm

@ Features dependencies can be modeled

@ Compared to deterministic methods, less sensitive to local
optima but higher risk of overfitting




Estimation of distribution algorithms

@ Use a probabilistic model to represent the selected
population

@ Machine learning methods are used to learn and sample
the models

@ Some variants can deal with problems where variables
exhibit strong interactions

@ Probability theory as a solid theoretical fundation for the
study of EDAs

>

@ Probabilistic model-building EDAs (PMBGAS)
@ Iterated density estimation of distribution algorithms (IDEA)




Pseudocode of an EDA

Algorithm 1: Estimation of distribution algorithm

Sett < 0. Generate M points randomly
do {
Evaluate the points using the fitness function
Select a set DtS of N < M points according to a selec-
tion method
Calculate a probabilistic model of D

6 Generate M new points sampling from the distribution
represented in the model

7 t=t+1

} until Termination criteria are met
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Estimation of distribution algorithms

EDA approaches to FSS problems

o

EBNA is applied using naive Bayes and ID3 learning
algorithm (Inza et al:2000,2001)

Compare cGA, ecGA and BOA using naive Bayes
classifier (CantuPaz et al:2003,2004)

UMDA with naive Bayes, SVM and C4.5 (Saeys et
al:2003,2006)

PBIL and clustering ensemble methods (Hong et al:2008)

UMDA with consensus approach and different classifiers
(Armananzas et al:2009,2010)




Approximate wrapper approach

Approximate wrapper approach

Increasing the scalability of EDA-FSS aproaches

@ What if we have thousands of variables? In our problem
53841 features

Approximate wrapper approach
@ Careful choice of the classifier

@ Hierarchical organization of the features
@ Relaxation of the classifier validation step




Problem benchmark

BCI Problem: 2010 MEG prediction challenge

Experiment protocol

At regular intervals, a stimulus is shown to the subject either to the left or right
A time series of MEG data is recorded from 274 channels of the subject
A total of 128 trials were collected per condition

Data from 4 subjects is used in our experiments




Problem benchmark

Classification problem

@ The objective is to predict, based on magnetoencelographic (MEG) data, the
direction where a subject is covertly attending (van-Gerven et al:2009)

All 274 channels (left) and occipitoparietal channels (right)




Problem benchmark

Representation and type of information

Representation and type of information

@ There are 274 channels

@ Each channel supports information about a set of m variables (features)
@ Combined data representation: Raw data and channel correlation (m < 333)

FSS Problem

@ Find the set of channels (features) whose corresponding variables, passed to the
classifier, give the best accuracy




Problem benchmark

Selection of optimal channels

Feature subset selection approach using EDAs

@ A binary vector X = (X, ..., X274) represents a possible
subset of channels

@ Estimate accuracy with (less costly) 2-fold cross-validation
accuracy

@ Simultaneously optimize the accuracy for all the subjects
with multi-objective optimization, (likely) sacrificing
accuracy but increasing robustness

@ Reevaluate with leave-one-out cross-validation accuracy
only solutions in the Pareto set




Problem benchmark

Selection of the classifier

Classification

@ Regularized logistic regression classifier using elastic net
(Friedman et al. 2009)

@ lambda selection: lambda that maximizes accuracy of the
training set

Multi-objective EDAs

@ Tree-EDA: Trees are used as probabilistic models
@ UMDA: Variables are independent

@ GA: A one-point crossover GA is used for reference
@ All the algorithms use Pareto ranking selection




Problem benchmark

Best achieved results using the combined type of informatio

Subjects 1

Accuracy | 0.8701

0.8505

0.8031 | 0.8031

Channels that were in at least  80% of Pareto set solutions (black) and average channel classifi cation

accuracy (color)

Corr. graphs

Combined




Conclusions

Conclusions

Approximate wrapper

@ The use of relaxed crossvalidation procedures allows to
reduce the computational cost

@ Hierarchical representation of features (with blocked
variables) allows to scale the EDA-FSS approaches

@ Efficient (regularized) classifiers are required for large
problems

@ Inserted within a wide machine-learning approach,
approximate wrapper can improve classification accuracy
for real-world problems
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