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Abstract

Many machine learning problems in Bioinformatics, Vision and Natural Language Pro-
cessing (NLP) need to deal with very high dimensional data. Generally, the analysis
of these datasets is carried out through classification/regression. The presence of a
large number of features in a dataset leads to poor generalization accuracy and high
execution time. Several methods have been proposed in the literature to reduce the
dimensionality through feature selection. These methods can be broadly categorized
into filter based, wrapper based and embedded methods. The time complexity of these
methods vary from quadratic to cubic in the number of dimensions which limits their

applicability for the datasets in high dimensions.

In this thesis, we have addressed this issue by developing a faster feature selection
approaches in all the three categories. In the filter based category, we have proposed
two new approaches. The first one integrates a clustering scheme with Quadratic Pro-
gramming Feature Selection (QP) method in an interleaved manner, reaping the ad-
vantage of clustering at various levels of granularity. The second approach involves a
max-margin framework for feature selection posed as a One class SVM problem which
optimizes both redundancy and relevance. Further, we have also proposed a Sequential
Minimal Optimization (SMO) strategy for speeding up QP. We also show that the fea-
ture selection can be solved faster by incorporating a regularizer on feature weights in

the objective of the QP method and solving it through a single variable decomposition



strategy. The time complexity of our proposed methods vary from linear to quadratic
in the number of dimensions.

In the wrapper category, we have proposed two approaches namely, a recursive
particle swarm optimization approach (RPSO) and a divide and conquer PSO approach
(PPSO) followed by a Map-Reduce framework. We have also integrated linear SVM
weight vector, Mutual Information, F-score and Wilcoxon’s rank test with PSO for
feature selection. These methods yield a minimal set of features without losing on
accuracy.

In the embedded category, we have proposed a guided initialization of kernel weight
vector in Generalized Multiple Kernel Learning (GMKL) by incorporating Fuzzy Rough
Set scores and feature weights using QP method for faster convergence. Further, we
have also proposed a multi-task learning framework using GMKL for siRNA efficacy
prediction.

Exhaustive experiments have been carried out to validate our proposed methods on
small, medium and large sized datasets from Bioinformatics, Vision and NLP domains.
In most of the cases, our proposed approaches have been shown to be more efficient
than the state-of-the-art feature selection methods while maintaining comparable level

of accuracy in all the three categories.
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