
ABSTRACT

Due to the wide range of sources, data being produced is quite large. The captured

data can be associated with several problems, including mislabeled data, missing values,

imbalanced class labels, noise, and high dimensionality. In this research, various methods

are proposed to address the high dimensionality issue with the feature selection

approaches to increase the classification performance.

An essential issue in data mining and machine learning is of feature selection

(FS). It is a task that can’t be avoided as it reforms the number of features present in the

initial data set; resulting in better classification results, minimized computation time, and

reduced memory consumption. FS techniques such as Filter, Wrapper, and Embedded are

available in the literature to address the high dimensionality issue of data preprocessing.

A score and rank is assigned to each feature based on the statistical measure or worth of

information a feature has. Based on the number of features (Filter) required, it suggests

the top-ranked features. This technique is fast but may not give better results in all the

cases. As a counterpart, the wrapper mode of the FS technique directly suggests a subset

of features based on search criteria (backward or forward) and the induction algorithm

applied during the search process. Despite of being a time-consuming process, it gives

better results than the filter. The embedded approach combines the both.

In this research, to get the benefits of wrapper approach, three different

methodologies using correlation coefficient (CCE), symmetrical uncertainty (SU), and an

unsupervised approach based on filter based ranking methods are proposed for selecting

the subset of features.

Based on SU and CCE, which are statistical measures, a cluster of FS approach is

proposed. First, the SU score of each feature and CCE of total feature space is recorded,

then the middle feature's SU score is noted as the threshold value. Later, by comparing

the CCE value and threshold value, the feature space is converted to a binary matrix.

Then the weight of each feature is calculated. Next, the features with the same weight are



grouped in a similar cluster. From each cluster, a strong feature, i.e., a feature possessing

the highest SU score, is selected as the best feature to draw the best subset.

In the second approach, an unsupervised FS approach is proposed. An

unsupervised data set is formed by measuring the feature relevance score. This score is

obtained using the filter methods namely Information Gain, Chi-Square, Gain Ratio,

Relief. The generated data space is normalized using a min-max approach. Further,

K-means clustering is applied so as to normalize data space to form the cluster of

features. Each cluster is examined with MultiLayer Perceptron(MLP), based on MLP's

minimum Root Mean Squared Error (RMSE) rate the strong cluster is identified.

In the third approach, fixing the target (select 25% of features), a Quarter Feature

Selection (QFS) is proposed using the SU score of each feature based on the ensemble

approach. QFS approach forms the 4 clusters of features without any duplication. Each

such cluster is examined later. The same technique was revised and proposed a

Distributed Feature Selection (DFS) to minimize the comparison time.

All the methodologies are applied to several data sets that feature space ranging

from 22 to 22582. Experimental outcomes conveys that the approaches proposed

recorded better accuracy than the majority of conventional feature selection approaches.

Some of the test results are compared with recently published methods also. These

approaches are tested using Tree-Based, Rule-Based, Lazy, and Naive Bayes learners.


