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Abstract

The automated analysis of patients' biomedical data can be used to derive diagnostic

and prognostic inferences about the observed patients. Many noninvasive techniques for

acquiring biomedical samples generate data that are characterized by a large number of

distinct attributes (i.e. features) and a small number of observed patients (i.e. samples).

Deriving reliable inferences, such as classifying a given patient as either cancerous or

non-cancerous, using these biomedical data requires that the ratio r of the number of

samples to the number of features be within the range 5 < r < 10. To satisfy this

requirement, the original set of features in the biomedical datasets can be reduced to an

'optimal' subset of features that most discriminates the observed patients. Feature

selection techniques strategically seek the' optimal' subset.

In this thesis, I present a new feature selection technique - multilevel feature

selection. The technique seeks the'optimal' feature subset in biomedical datasets using a

multilevel search algorithm. This algorithm combines a hierarchical search framework

with a search method. The framework, which provides the capability to easily adapt the

technique to different forms of biomedical datasets, consists of increasingly coarse forms

of the original feature set that are strategically and progressively explored by the search

method. Tabu search (a search meta-heuristics) is the search method used in the

multilevel feature selection technique.

I evaluate the performance of the new technique, in terms of the solution quality,

using experiments that compare the classification inferences derived from the result of

the technique with those derived from the result of other feature selection techniques such

as the basic tabu-search-based feature selection, sequential forward selection, and random

feature selection. In the experiments, the same biomedical dataset is used and equivalent

amount of computational resource is allocated to the evaluated techniques to provide a

cofirmon basis for comparison. The empirical results show that the multilevel feature

selection technique finds 'optimal' subsets that enable more accurate and stable

classification than those selected using the other feature selection techniques. Also, a

similar comparison of the new technique with a genetic algorithm feature selection

technique that selects highly discriminatory regions of consecutive features shows that

the multilevel technique finds subsets that enable more stable classification.
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Chapter I

lntroduction

The rate of occurrence of terminal diseases such as cancer is increasing globally and there

is need to support the conventional clinical procedures used for the diagnosis and

prognosis of these diseases with automated techniques. In recent times, identifying and

monitoring the progress of these diseases can be automated by exploring the intrinsic

discriminatory information that exist in biomedical data generated using noninvasive

techniques such as magnetic resonance spectroscopy (MRS) [20] and gene microalrays

[7]. Automating disease diagnosis and prognosis can enhance the successful treatment or

management of diseases by enabling the early discovery of the diseases.

Biomedical datasets acquired using noninvasive techniques are usually

characterized with high dimensionality and small sample size [40]. To process and

analyze these datasets using appropriate pattern recognition (PR) techniques [21], a

conlmon requirement is to reduce the dimensionality of the datasets into a size that

optimizes the cost of diagnosis and prognosis without compromising the reliability and

generalization of the inferences derived from the reduced form of the datasets. The focus

of this research is to design and develop a meta-heuristics that performs this form of

reduction. This chapter presents the motivation of the research; a comprehensive

description of the problem to be solved; a preview of the contributions of the research to

knowledge; and the organization of the remainder of the thesis.
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tr.1 Motivation

Biomedical datasets acquired using noninvasive techniques have great potentials that can

be developed to enable the automation of disease diagnosis and prognosis. Automated

diagnosis and prognosis can be used to support and speed-up the conventional clinical

practices in order to enable the early discovery of diseases, particularly terminal disease

such as cancer that can possibly be managed if discovered early enough.

Deriving diagnostic and prognostic inferences by analytically processing

biomedical datasets is an important but challenging task. An inherent challenge to this

task involves finding a compact representation of the datasets that enables the generation

of reliable inferences using feasible computational techniques. However, this challenge

and other similar challenges can be resolved using existing or innovative computing

techniques.

Finding a compact representation of biomedical datasets is an interesting research

that can be used to drive the enhancement of existing computing techniques and possibly

pioneer the innovation of new computing techniques. Besides, the results of such research

can be adapted to other problem domains that relate to research areas such as machine

learning in order to determine the variables that are most relevant in an inductive learning

process; data mining to determine data attributes that mostly contribute to trends in huge

databases; and astronomy to determine the prominent stars in the galaxies.

1.2 Problem definition and description

Biomedical datasets acquired from MRS and gene microarrays usually consist of a

combination of distinctive characteristics having quantitative measures. Each distinctive

characteristic is a feature. For instance, each chemical shift value in an MRS spectrum
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corresponds to a feature; and each expressible gene in gene microarrays also corresponds

to a feature. A collection of L-ordered features that represents each given observed

sample is a feature vector; a feature space is the l-dimensional space that contains the

feature vector; and the dimensionality of the feature space is the number of features L that

defines each feature vector in the space.

Useful and reliable information and inferences can be derived from datasets of

biomedical origin by applying appropriate pattern recognition techniques. Classification

(another term for pattern recognition l54l) involves separating a given set of input data or

patterns into distinct classes denoted by class labels l2ll. A classifier is an algorithm that

performs classification. When the input data are represented using feature vectors,

classifiers can predict the class label of a given feature vector by constructing implicit

boundaries in the feature space to separate feature vectors belonging to different classes

from one another, while optimizing a cost function [i0]. The cost function is a

quantitative measure of the cost of misclassification that is often estimated using the

classification error rate (a measure of the number of wrongly classified samples in a

given dataset).

In theory, when the class distribution densities of a classification problem are

fully known, the performance of most classifiers, in terms of the classification accuracy

(i.e. approximately the inverse of the classification error rate), improves with increasing

number of features [18]. Figure 1.1 illustrates this idea by depicting the relationship

between the classification error rate, feature space dimensionality, and sample size (i.e.

the number of samples in a given dataset). As shown in Figure 1.1, the true minimum

error rate E-¡, (i.e. the classification error rate when the probability densities of the



CHAPTER I. INTRODUCTION

feature values for each class in the dataset are fully known) of the classifier ls a non-

increasing function of the feature space dimensionality. That is, the discriminatory

information that the classifier can use to derive the class label for a given input data

accumulates with the addition of new features; hence the classification error rate

decreases directly with increasing feature space dimensionality.

o)
g
o
c,

0.5

o.45

o.4

0.35

0.3

o.25

o.2

0.r 5

0.1

0.05

0

E

Ns=20

lN"=ao

\

Em¡n (Ns=-)

4 6 B '10 12

feature space dimensionaliÇ

However, in practice the distribution densities of the feature values are rarely

fully known, therefore an implied knowledge of the distribution densities that can be

derived from a training dataset (i.e. a collection of samples with predefined class labels

from which the parameters of a classifier can be estimated) is often used to design

classifiers instead of the complete knowledge of the distribution densities. When a

classifier is designed using a training dataset, the performance of the classifier is not only
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influenced by the dimensionality of the feature space, but also by the sample size of the

training dataset. As the sample size increases, the classification elror rate decreases to the

minimal at a higher feature space dimensionality. For instance, Figure 1.1 shows that the

classification error rate is minimal at a feature space dimensionality of 4 when the sample

size Ns is 20; and similarly, the classification error rate is minimal at a feature space

dimensionality of 6 when the sample size N5 is 80.

Generally, when a training dataset is used to design classifiers, the performance of

most classifiers degrades as a result of the peaking phenomenon l3ll when the sample

per feature ratio r exceeds a certain range. The typical values of r that guarantee high

classifier performance range between 5 and i0 (i.e. 5 < r < 10); but for biomedical

datasets, the value of r typically ranges between 1/500 and Il20 1391. The value of r can

be increased to the required range either by increasing the number of observed patients

(i.e. the number of samples) or by reducing the number of features. The former option is

usually not practical because of the cost of the required resources and time. The more

feasible option of reducing the original set of features into an 'optimal' subset that most

enhances classification performance is the feature selection problem [25]. This research

focuses on addressing feature selection problem in biomedical dataset.

Feature selection problem can be formulated as a 0-1 integer programming

problem 1501, a class of combinatorial optimization problems wherein the decision

variables can only be either 0 or 1. In applications to biomedical data, feature selection

appears in two different combinatorial formulations. For the first formulation, feature

selection involves finding a subset of features of fixed cardinality lrr (in the range 5 < r <

10) that yields the lowest classification error rate for a given classifier. For the second
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formulation, feature selection involves

cardinality such that the classification

formulations can be stated as follows:

6

seeking a subset of features with the smallest

error rate is below a given threshold. These

Formulation l:

Given an original set ofL features F = {ft, fz fs. /¿}, find a proper subset/ofF such that

I f I = m and C(.¡f minimizes the classification error rate e of a given classifier when

presented with the feature subset/. That is:

min C(l) = e(f) (1)

such that f Ç F,lfl = m, m 7 L

Formulation 2:

Givenanoriginalsetof l,features F = {fi,fz,fs ./¿},findasubset/of Fsuchthatthe

classification error Íate e of a given classifier when presented with / is less than a given

error threshold r and C(fl minimizes the cardinality of/. That is:

min C(f) =lf I
(2)

such thatf Ç F, e(f) < r

In both formulations, the optimal solution of the feature selection problem/is known as

the optimal subset (i.e. the subset that most enhances the accurate classification of any

given sample with similar feature vector dimensions as the optimal subset).

The problem formulations in (1) and (2) can be solved exactly by exhaustively

enumerating the subsets in the feature search space. For the problem formulation in (1),

(r\
the I 

" 
ldifferent subsets having cardinality m can be enumerated and evaluated, and the

l*)
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subset having the 'best' evaluation can be regarded as the optimal subset. For the

formulation in (2), the subsets in the 2¿ different subsets having a classification error rate

that is less than a given threshold f can be enumerated, and the subset having the smallest

cardinality amongst the enumerated subsets can be regarded as the optimal subset.

However, this approach is impracttcal for solving either formulation of the feature

selection problem except for very small values of L and m (e.g.20 < L and m < l0) 1531.

In biomedical datasets, the typical value of L is in thousands and the desired value of rn is

usually in units. For instance, the biomedical dataset that is used in the experiments of

this research consist of a feature space having dimensionality L = 1500. For the first

formulation, if the desired cardinality of the optimal subset m = I0, the original solution

space of the probtem insrance for rhis dataser consisrs "t [l;tt) 
(i.e. about i026) feature

subsets having a cardinality of m = 10. For the second formulation, there are possibly

2rs00 feature subsets that can be evaluated in order to find the optimal subset. Finding the

optimal subset amongst the 1026 or 21s00 feature subsets in the solution space using

implicit or explicit enumeration is intractable [12]. This thesis focuses on techniques that

seek a near-optimal subset (i.e. the subset that is as close as possible to the optimal subset

in terms of the discriminatory capability) within practicable computational time.

To solve the feature selection problem in a practical way, many feature selection

techniques have been developed using search algorithms that enable the selection of

near-optimal subsets. Usually, these techniques can be configured to handle the two

formulations of the feature selection problem. Techniques based on heuristics such as the

greedy-like sequential search algorithms [1], and meta-heuristics such as genetic

algorithm (GA) t38l and tabu search [53] have been proposed. These techniques have



CHAPTER 1. INTRODUCTION

been adapted or possibly enhanced appropriately to suit feature selection problem in

particular types of biomedical data. For instance, Nikulin et al. [33] proposed a GA-based

feature selection technique that is primarily aimed at biomedical MRS data wherein there

is evident correlation amongst adjacent features; but this technique is inappropriate for

some other forms of biomedical data such as microarrays wherein such correlation may

not exist [39]. Also, feature selection techniques such as in [3, 11] that focus primarily on

microarray data are usually not flexible enough to exploit the evident correlation that

exist amongst features in MRS data. There is a need for a feature selection technique

having an underlying search method that is flexible enough to effectively adapt to the

different types of biomedical data, and strategically seeks an optimal subset that enhances

the performance of a classifier.

In this thesis, I propose a new feature selection technique - multilevel feature

selection - that addresses this need. Using the hierarchical structure that is inherent to

multilevel methods [48], the technique creates a framework that can adapt easily to

different forms of biomedical dataset. The technique is presently designed and configured

to address the first formulation of the feature selection problem (i.e. formulation (1)

above).

Given a biomedical dataset, tbe optimal subset / derived for an instance of

formulation (1) above can be used to create a compactrepresentation of the dataset such

that a classifier that is designed using / easily, accurately and reliably separates the

samples in the dataset into definite classes. The result of such separation can be used for

disease identification purposes . The optimal subset derived for an instance of the second
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formulation can be used to identify biomarkers (i.e.

primarily determine the presence or extent of a disease)

9

the features or substances that

in the observed samples

1.3 Preview of research contributions

This research contributes to knowledge in two folds. Firstly, the research furthers the

evolving investigation on adapting the multilevel paradigm to solve combinatorial

optimization problems. I provide empirical inferences that describe how configuration

parameters influence the performance of search methods that are based on the multilevel

paradigm. I also perform experiments that generate results that provide a basis to

compare the performance of the multilevel-based search methods with greedy-like search

methods and other meta-heuristics search methods such as tabu search in application to

the feature selection problem in biomedical data; although, the inferences derived may

not generically compare the performance of these search methods in application to other

forms of combinatorial optimization problems. Secondly, this research creates a new

feature selection technique that is based on multilevel search paradigm. The technique is

presently designed to address the feature selection problem in biomedical data. The

novelty of the new technique is shown in the potential capability of the technique to

flexibly adapt to different forms of biomedical datasets.

1,.4 Thesis organization

The remainder of this thesis is organized as follows. Chapter 2 provides background

information and a review of related research work. Chapter 3 describes the concept of the

search framework (i.e. multilevel search) underlying the proposed feature selection

technique. In Chapter 4, I present the newly proposed multilevel search feature selection

technique. Chapter 5 provides the details of the experiments, the biomedical datasets used



CHAPTER i. INTRODUCTION

in the experiments, and a discussion of the results generated from the experiments.

Chapter 6 presents the conclusion derived from the research and the possible directions of

future work.

10



Chapter 2

Background and Related Work

To provide a proper understanding of the feature selection problem in the context of this

research, a basic knowledge of the characteristics of the common forms of biomedical

datasets that are acquired using noninvasive techniques is imperative. A survey of the

existing feature selection techniques that can be used to select the optimal or near-optimal

subset from these datasets is also necessary. In this chapter, I describe the common forms

of biomedical datasets that can be acquired using modern noninvasive techniques

(magnetic resonance and microarray), the conìmon characteristics of these datasets, the

challenges of processing the datasets and the development trend of the existing feature

selection techniques for processing the datasets.

2.L Acquiring biomedical datasets

Biomedical and clinical sciences benefit from advancements in noninvasive techniques

for acquiring data to study the properties of the chemical and biological components of

cellular organisms. Modern techniques such as magnetic resonance (MR) and

microarrays provide noninvasive means of measuring the concentration of chemical

components within tissues and the expression levels of genes respectively. An ordered

collection of these measures for similar observations (i.e. biomedical dataset) can be used

for diagnostic and prognostic purposes. This section briefly describes the concepts and

techniques of MR and microarray and the characteristics of the biomedical datasets

acquired using these techniques.

11
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Magnetic resonance, originally known as nuclear magnetic resonance (NMR),

involves interacting electromagnetic radiation (within the radio frequency bandwidth)

with a collection of nuclei in a strong magnetic field. Subjecting the nuclear particles of

some elements to a strong magnetic field causes the particles to precess at a

characteristics angular frequency (lamour frequency) and generate a resultant magnetic

moment directed along the magnetic field.

Applying electromagnetic radiation at a frequency that equals the oscillating

frequency of the nuclear particles causes resonance, and some of the particles are excited

from a lower to a higher energy level. Besides, the nuclear particles' magnetic moments

coherently track the oscillating magnetic field of the radiation and form precessions

around the field. Consequently, the resultant magnetic moment splits into components

that oscillate along the plane of the radiation's magnetic field. These oscillating magnetic

components are transformed into a radio frequency signal (MR signal) having a

frequency that equals the precession frequency of the nuclei. This signal can be

transformed (e.g. induced into a coil to generate alternating culrent) and amplified to

create an MR image or MR spectrum.

Two broad applications of MR technology are: magnetic resonance imaging

(MRI) and magnetic resonance spectroscopy (MRS). Both techniques are based on the

same physical principles of MR technology as explained above, i.e., detecting the energy

exchanged between external magnetic fields and specific nuclei within atoms. The

distinction between both applications is: in MRI, the emitted MR signals correspond to

the spatial positions of the observed nuclei and are then translated into an atomic image

by assigning different grey values according to the strength of the emitted signals; while

12
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in MRS, the emitted signals correspond to the chemical components of a scanned tissue,

and are transformed into spectra with peaks that represent the concentration of the

chemical components according to the strength of the emitted signal. The spectra

generated by MRS can be used to determine the chemical structure of compounds and the

concentration of chemical compounds during metabolic processes. In the former

application of MRS, the chemical shift (i.e. a field-independent variation of the resonance

frequency) of a nucleus can provide a clue on the nature of the chemical bonds

surrounding the nucleus. Different chemical shift values in such MRS spectra represent

different chemical bonds in the observed compound that contain the nucleus. In using

MRS spectra to determine the chemical composition of compounds, the area of each peak

value of chemical shift in the spectra is compared with the corresponding chemical shift

value for a nucleus in a standard compound and the difference in the area of each peak

value corresponds to the abundance of the given nucleus in the observation. Tetramethyl

silane ((CH¡)+Si) is a common standard compound used for this purpose. Figure 2.1

depicts an MRS spectrum that reveals the chemical structure of an organic compound. A

comprehensive description of MR technology and its application in MRS and MRI is

available in 1441.

r3
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Microarrays is another noninvasive technique that can be used to acquire

biomedical data useful for describing phenomena that relate to disease identification and

progression, responses to stimuli, underlying differences between cells of different types,

and the elucidation of gene function at the molecular level. The nucleus of the biological

cell of cellular organisms contains substances such as DNA (Deoxyribonucleic Acid) that

encode genetic information which describe the uniqueness of a cell, and RNA

(Ribonucleic Acid) that enables the transmission of the genetic information. DNA

molecules consist of long sequences of four different deoxyribonucleotides that define

the genome (an encoding of the complete genetic information) of a cellular organism.

Transcribing a DNA to mRNA (messenger RNA) and subsequently to proteins is referred

to as gene expression [31].

All the cells of an organism, with a few specific exceptions, have the same

genomic DNA representation; though not all the cells of an organism are the same [31].

The differences in cell types result from the different subset of genes they express. Also,

the response of a cell in the form of gene expressions varies with stimuli. Therefore, gene

expressions can also be used to determine cell types and to differentiate between normal

and abnormal cells by monitoring the expression conditions of the cell in response to

stimuli.

A microarray contains a glass or polymer slide onto which DNA molecules are

attached at fixed locations. These locations are known as spots or features. An array can

contain thousands of spots, each containing millions of identical DNA molecules or

fragments. Each DNA molecule or fragment has length ranging from tens to hundreds of

nucleotides. In a microatray, each DNA molecule identifies a single mRNA in a genome,

l4
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and the identification of the mRNA transcript is printed on the microarray by a robot or

jet to avoid ambiguity. Applying a laser beam makes the print fluoresce with varying

intensity. The intensity at each slot in the microarray reflects the abundance of the DNA

expressed from the slot. Figure 2.2 depicts the data acquisition process in microarray

technology.

A comprehensive description of microarray technology and its applications is available in

t3 11.

2.2 Processingbiomedicaldatasets

Biomedical datasets acquired using most noninvasive techniques are characterized with

high feature space dimensionality and small sample sizes. Typically, for each observable

sample, the number of measurable attributes (i.e. features) ranges from thousands to

hundreds of thousands. Conversely, the number of observable samples usually ranges

15
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between units to hundreds, since the cost (time and resources) of measuring the large

number of attributes for each sample is usually huge. However, a collection of the

measured attributes of the observable samples can be analysed to derive reliable

inferences. A simple analysis of biomedical datasets using literal visual observation is

difficult and can generate unreliable inferences. For instance, in the biomedical spectra

shown in Figure 2.3, the regions of features (highlighted area) that discriminate between

the normal specimen's spectrum and the infected specimen's spectrum are not visually

evident.

Pattern recognition techniques can be applied to biomedical datasets to learn the

intrinsic relationship within the datasets and to subsequently assign independent samples

to distinct classes in order to derive reliable inferences. These inferences can be used for

diagnostic and prognostic purposes. A pattern recognition system is also known as a

classification process t541. A pattern consists of an ordered set of observed measurements

having an associated meaning. In the design of a classification process for biomedical

datasets, each sample in the dataset, which typically consists of an ordered feature vector

and an optional class label, corresponds to a pattern. The basic goal in the design of a

classification process is to establish a mapping from the feature vector space into the

space of class labels and thereby associate a meaning to each feature vector in a given

dataset. Classification can be supervised or unsupervised. In supervised classification, the

class label space is fully predefined while in unsupervised classification the class label

space is defined during the classification process [21]. The scope of this thesis covers

r6
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only supervised classification; therefore subsequent reference(s) to classification is only

applicable to the supervised option.

Besides the feature vector space and the class label space, a classification process

consists of basic components that are interconnected. These components are: pre-

processing, feature selection and extraction, classifiers design, and optimization [54].

Figure 2.4 shows the connection amongst the basic components of a classification

process. I describe these components in the following subsections.

2.2.1 Pre-processing component

The raw datasets that are acquired for classification purposes using most noninvasive

techniques usually contain noisy background information that can impair an easy

classification of the datasets and a meaningful interpretation of the inferences derived

from the dataset. The pre-processing module primarily performs operations that segment

the interesting portion of the raw datasets from the background noise and possibly create

a compact representation of the raw datasets. Examples of operations that can be

performed in this module are: noise filtering, smoothing, and normalization [54]. Some

form of optimization may be required in this module to ensure that the input patterns (i.e.

feature vectors) are represented using the best form.
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2.2.2 Feature selection and extraction component

Most pre-processed real-life datasets of biomedical origin that are used in the design of a

classification process are characterized with high feature space dimensionality. Using the

high-dimensional datasets directly for classification is disadvantageous in two respects.

Firstly, the computational complexity of the classification becomes too large. For

instance, a simple linear classifier requires in the order of KL operations, where K is the

number of classes and L is the dimensionality of the feature space; and similarly a

quadratic classifier requires in the order of KI) operations [18]. Secondly, an increasing

feature space dimensionality eventually degrades the classification performance when

there is no coffesponding increase in the sample size. To avert these disadvantages, there

is need to reduce the dimensionality of the feature space by selecting a subset that has the

highest discriminatory capability (i.e. perform feature selection) or by transforming the

feature space into a projected space that eases the classification process (i.e. perform

feature extraction).

Feature selection simply selects a subset of the original feature set with an

ultimate goal of finding the (optimal) subset that enables the highest classification

accuracy or the lowest classification error rate. The optimality of the subset is measured

by an evaluation criterion created using the optimisation component, as shown in Figure

2.4 above. Feature selection is often modelled as a combinatorial optimisation problem

and several feature selection techniques have been proposed to find the optimal subset in

different problem domains. A detailed survey of existing feature selection techniques is

presented in the later part of this chapter (section 2.3). Despite the existence of many
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feature selection techniques, new methods that minimize computational complexity

requirements and maximize classification accuracy are still desirable.

Feature extraction methods are usually applied when a transformation of the

original feature space into a new feature space can simplify the classification process.

Feature extraction methods project the original feature space onto another feature space;

that is, new features are extracted as functions of the features in the original feature

space. The subsequent classification processes are performed using the new feature

space. Based on whether the extraction function is linear or non-linear, there are two

broad categories of feature extraction techniques: linear feature extraction techniques and

non-linear feature extraction techniques [54]. An example of a linear feature extraction

technique is the principal component analysis (PCA) l22l and an example of a non-linear

feature extraction technique is the multi-dimensional scaling (MDS) [27]. Feature

extraction techniques usually make classification easier when a suitable transformation

function is used. However, finding a suitable transformation function for different

problem domains is a challenging task.

2.2.3 ClassifÏer design component

The core component of the classification process is the classifier (i.e. the algorithm that

actually derives the mapping of a given input data or pattern onto the class label space)'

A classifier can predict the class label of a given input data by constructing implicit

boundaries in the feature space to separate the samples that belong to different classes

from one another while optimizing a cost function [10]. The cost function is usually an

estimation of the rate of wrong classification. The cost function for the classifier design

component is used as an evaluation criterion to tune the performance of the classifier.
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The optimization component provides the evaluation criterion for the classifier

component (Figure 2.4).

Classifiers can be designed using three different approaches [54]. The first

approach is based on the identifiable similarities that can exist between a reference entity

(i.e. a prororype) and the other entities to be classified. Template matching [21] is an

example of a classifier that can be designed using the concept of similarity. The second

approach uses probabilistic methods. Classifiers in this category are based on the Bayes

decision rule, the maximum likelihood or density estimators [21]. Examples of classifiers

in this category include k-nearest neighbour (KNN) classifiers and Parzen window

classifiers [21]. The third approach uses statistical methods to construct a decision

boundary directly in the feature space while optimizing the classification error rate.

Examples of classifiers in this category are Fisher's linear discriminant analysis (LDA),

multilayer perceptrons, and support vector machines (SVM) t211.

The classifier design component in Figure 2.4 can consist of a classifier that is

designed using any of the approaches described above, or a hybrid of the approaches.

Two or more individual classifiers that are designed using any of the approaches can also

be combined in a collaborative manner to address complex classification problems.

2.2.4 Optimization component

The optimization component combines with the other components of a classification

process by providing the evaluation criterion that determines the optimality of the results

generated by those other components. As shown in Figure 2.4, the optimization

component is a sub-component of the preprocessing, feature selection and extraction, and
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classifiers design components. In the preprocessing component, the optimization portion

provides a basis to determine the quality of the feature vectors that represent each sample.

In the feature selection and extraction module, the optimization sub-component

determines the optimality of the examined subsets during the search for the optimal

feature subset or evaluates the effect of transforming a feature space into another feature

space on the complexity of the classification process. In the classifiers design component,

the optimization sub-component provides an evaluation criterion that guides the classifier

towards generating minimum classification error rate.

2.3 Feature selection

Given an original feature space defined by a given feature set, feature selection involves

finding the 'optimal' subset of the feature set that best represents the original feature

space. Typically, the optimal subset is sought strategically using techniques (feature

selection techniques) that are guided by an evaluation criterion. The following

subsections describe existing feature selection techniques and the different evaluation

criteria that can be used to guide these techniques.

2.3.1 Feature selection techniques

Decades of active research have been devoted to designing and developing feature

selection techniques to address the feature selection problem. Feature selection

techniques typically consist of an underlying search or ranking algorithm that explores

the feature space and a cost function (e.g. a measure of the classification error rate) that

guides the underlying algorithm. Considering the approach for evaluating the cost

function of the feature selection techniques, Kohavi and John 126l identify two

approaches to designing feature selection techniques: filter and wrapper approaches. Liu
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and Yi [29] further identify a third approach known as the hybrid approach, which

combines the strength of the filter and wrapper approaches. The filter-based approach

determines the fitness of an examined feature subset without any reference to or feedback

from the target classifier. That is, the cost function evaluation is independent of the target

classifier that uses the selected subset of features in the subsequent classification of

independent datasets. Rather, a generic error estimation function can be used to compute

the cost function value that guides the ranking of the individual features or the search for

an 'optimal' subset in the feature space. Examples of filter-based feature selection

techniques are described in 116, 28, 52, 241. On the other hand, the wrapper-based

approach determines the fitness of an examined feature subset by referring the subset to

the target classifier to get a feedback in the form of an estimation of the classification

effor rate that will result when the examined subset underlies the design of the target

classifier. Examples of wrapper-based feature selection techniques are described in [8,

261. The wrapper approach usually enables the selection of feature subsets that leads to

higher classification accuracy than the filter approach. However, the computational

requirement for evaluating the discriminatory capability (i.e. the cost function value) of

each examined subset by the target classifier makes the wrapper-based methods more

computationally intensive than the filter-based methods. The filter-based feature selection

methods are typically faster than wrapper-based methods. Figure 2.5 depicts the concept

of the filter-based and wrapper-based feature selection techniques. The hybrid-based

feature selection techniques combine the strengths of the other two approaches. An

example of an hybrid-based feature selection technique is described in [9].
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In this thesis, I focus on wrapper-based approach for designing feature selection

techniques because of the high classification accuracy requirement in the processing of

biomedical datasets for diagnostic and prognostic purposes.

Guyon and Elisseeff [15] group feature selection techniques into two broad

categories based on the underlying search or ranking algorithm: feature ranking

techniques and feature subset selection techniques. Feature ranking techniques order the

features in the feature space according to a relevance criterion such as covariance, and

select a subset from the ordered features. Kira and Rendell [24] describe a simple feature

ranking technique. The technique scores each feature in the original feature set using a

ranking criterion and selects the first ft features having the highest scores as the 'optimal'

feature subset, where k is the cardinality of the desired subset. A primary drawback of the

feature ranking techniques with respect to classifier design is: a combination of the k
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highest ranked features is not necessarily the optimal or near-optimal subset of features

that can most enhance the classifier's performance.

Given sufficient computational time, feature subset selection techniques such as

in 132,42, 43,451 implicitly examine all the feature subsets and select the subset having

the 'best' cost function evaluation as'optimal'. These techniques guarantee finding the

optimal feature subset with respect to the estimation of the target classifier performance.

However, the computational requirements (time and resources) of the techniques are very

intensive and may be impracticable when applied to large-scale feature selection

problems. Besides, the techniques are usually based on assumptions that are not always

true in practice. For instance, the branch and bound-based feature selection techniques

132, 42,431 require that the cost function be monotonic on the subset of features; i.e.

adding a new feature from the original feature set to a current feature subset must result

in a better optimization of the cost function.

To solve the feature selection problem in a practical way, some other feature

subset selection techniques intelligently examine some of the possible subset of features

and select a subset having the 'best' cost function evaluation amongst all the examined

subsets as the 'optimal' subset. Although these techniques do not guarantee finding the

optimal subset, they can find a subset that is almost as qualitative as the optimal subset in

terms of the discriminatory capability (i.e. near-optimal subset). These feature subset

selection techniques are described in the following.

Sequential forward selection (SFS) and sequential backward selection (SBS) t1l

are based on a simple greedy-like deterministic heuristics. SFS starts by selecting an

empty subset as the current subset and sequentially adds a new feature (from the original
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set) to the current subset. In each sequence, the added feature satisfies the condition of

combining with the current subset to give the 'best' evaluation of the cost function. The

selection process stops when a termination criterion is satisfied (e.g. when the addition of

a new feature no longer improves the cost function or when the cardinality of the subset

equals a set threshold) and the'optimal' subset of the selection is the current subset prior

to termination. SBS is similar to SFS, but the selection process is reversed. SBS begins

with the entire original set as the current subset and sequentially removes a feature from

the current subset until a termination criterion is satisfied. SFS adds a single feature (and

SBS removes a single feature) at each search sequence; hence the discriminatory

dependencies that exist amongst some combinations of features are ignored during the

search. Stearns [45] proposes the plus-/-take-away-r method to address the shortcoming

of possible exclusion. At each sequence, the method adds / features to the current

selection using SFS and removes r features using SBS. The challenging task of this

method is: there is presently no theoretical means of choosing a predefined value for I

and r that enables finding the'optimal' subset. Generalized sequential forward selection

(GSFS), a generic form of SFS, provides a flexible means of finding the'optimal' subset

by permitting the addition of A features to the current selection at every search sequence.

Similarly, there are generic forms for SBS and plus-/-take-away-r: generalized sequential

backward selection (GSBS) and generalized plus-/-take-away-r, respectively.

The aforementioned sequential search techniques do not permit backtracking; that

is, a search step cannot be reversed even when subsequent steps reveal the step as

impairing to finding the'optimal' subset. To resolve the backtracking drawback, Pudil et

al. [36] propose the sequential floating forward selection (SFFS) and the sequential
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floating backward selection (SFBS). At each search sequence, the SFFS method adds to

the current selection, using SFS and performs some SBS steps as long as the cost function

evaluates to a better value. SFBS is similar to SFFS, but the progressive search sequence

is based on SBS. Generally, other than the SFS and SBS, the sequential search techniques

are computationally expensive for large-scale feature selection problems.

Siedlecki and Sklansky [3S] propose a genetic algorithm (GA) approach to feature

subset selection. Nikulin et al [33] develop a GA-based technique for selecting the

'optimal' subset of block of features (regions) in biomedical MRS spectra. The technique

does not generate a stable subset of features, because of the highly probabilistic property

of genetic algorithms. Also, biomedical MRS spectra usually have evident correlation

amongst consecutive features; therefore, this technique may be inadequate for biomedical

data not having such correlation.

Zhang and Sun [53] develop a tabu search method for feature subset selection.

Tabu search is a search meta-heuristics that intelligently explores a given solution space

beyond local optimality by using an adaptive memory structure and a strategic responsive

exploration 1131. The adaptive memory, known as the tabu list, keeps track of solutions

that have been visited and should be avoided for a number of iterations; and the tabu

tenure determines how long a solution remains in the tabu list. During a tabu search

iteration, adjusting or varying a current solution can be used to derive a new set of

solutions; a function that maps a current solution onto a set of solutions derived from the

cunent solution is known as a neighbourhood. Zhang and Sun [53] performed a

comparative analysis of the tabu-search-based technique and other feature selection

techniques (SFS, GSFS, SBS, GSBS, plus-/-take-away-r, SFFS, SFBS and GA) using a
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synthetic dataset. Although the result of the performance analysis shows tabu search as a

promising search heuristics for feature selection problem, the analysis is done using a

synthetic dataset and there may be a need to verify the claims using real-life datasets. I

examine the strength of the basic tabu search feature selection technique using

biomedical data and propose a new feature selection technique that can be adapted to

solve feature selection problem in most forms of biomedical data (e.g. MRS spectra,

microarrays, mass spectra). The proposed technique is based on a multilevel search

paradigm [48].

2.3.2 Evaluation criteria for feature selection techniques

To find the optimal subset, an imperative and challenging requirement is: determining an

appropriate criterion for evaluating the discriminatory capability of each examined subset

during the search process. The cost of misclassification when an examined subset

underlies a target classifier is a proper criterion for evaluating the fitness of the examined

subset. However, assessing the cost of misclassification is difficult and sometimes fully

unknown; therefore, this cost is often replaced with the classification error rate [18]. The

classification effor rate can be derived mathematically or empirically. The exact

mathematical representations of the classification error rate arc complex and simple

approximations are often used. Two of the common approximate mathematical methods

for representing the classification error rate are: the inter-intra class distance and the

Chernoff distance [18]. The inter-intra class distance is based on the Euclidean distances

that separate the classes from one another and the proximity of the feature vectors of the

samples in each class to the mean feature vector of the class. The inter-intra class distance
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can be expressed as a ratio of the between class separability to the within-class

separability. The Chernoff distance (and other similar distance measures such as

Bhattacharyya distance) is based on the probability densities of the classes. While the

Chernoff distance and Bhattacharyya distance are mainly suitable for two-class

classification problems, the inter-intra class distance can be used as an evaluation

criterion for multi-class classification problems 1181.

Empirical methods can also be used to estimate the classification error rate in

order to evaluate the examined feature subsets. The usual practice is to partition the entire

dataset into a training set and a test set (also known as a validation set or evaluation set).

An examined feature subset/ defines a feature space wherein a classifier is designed and

validated. The classifier is designed using the training set and is subsequently validated

by classifying the samples in the test set; and the estimated classification error rate ¿ is

expressed as the ratio of the number of the wrongly classified samples during validation

n" to the sample size of the test set N.

e(f) = n"lN

For most biomedical datasets, the sample size of the available dataset is usually

small and using the same dataset as the training set as well as the test set can be

considered a viable option. However, this option poses the threat of overfitting the

designed classifier to the training set and the resulting classifier can perform poorly when

subsequently used to classify an independent test set. The possibility of overfitting can be

averted when evaluating the fitness of the examined feature subsets from datasets with

small sample size by using the cross-validation method and the leave-one-out method

[46]. For the cross-validation method, the available dataset D is randomly partitioned into
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.requally sized subsets of samples (i.e. D-- {D,, Dz, Ds,... D,}) One of the subsets e.g.

Dr is withheld and the remaining x-1 subsets are used to train the classifier. The withheld

subset is subsequently used to validate the classifier and an estimated error rate over the

withheld subset eot is computed. Similarly, the estimated error rate ep¡over each subset

D¡ in D is computed and the average of the estimated error rates can be used as an

evaluation criterion for the examined feature subsets. The leave-one-out method is a

particular case of the cross-validation method wherein the partitioning of the available

dataset is done such that the cardinality of the subset of samples is 1 (i.e. ln,l = t).

Although the leave-one-out method is more computationally intensive than the cross-

validation method, the leave-one-out method is often used in practice since the bias in the

evaluation method is less for this method and even negligible when the sample size is

sufficiently large.
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Search Heuristics

Search heuristics are algorithms that explore a given solution space using

strategies that are primarily based on intuitive intelligence. A category of search

heuristics, local search and its improved versions such as tabu search, explores a given

solution space using strategies that are based on a neighbourhood function paradigm [35].

The formal proves of the search behaviours of these methods are presently not in

existence, rather the behaviours are described using empirical analysis.

In this chapter, I describe the underlying search heuristics (i.e. multilevel search)

for the newly presented feature selection technique. Multilevel search creates an

intelligent search framework for solving optimization problems by combining the

multilevel paradigm with other search methods such as local search, tabu search, and

genetic algorithm. The following sections describe the tabu search (i.e. the search method

used in the multilevel search presented in this research) and the multilevel paradigm. The

choice of tabu search as the underlying search method for the multilevel feature selection

technique is attributable to the comparative analysis in [53] that shows tabu search as a

promising tool for solving feature selection problem.

3.1 Tabu search

Most real-life optimization problems (that are conìmon in applied science, business and

engineering) are difficult to solve and stiff challenges are often encountered when

classical methods are used to solve these problems. The innovation of meta-heuristics

such as tabu search is changing the approach to solve these problems. Tabu search is a
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meta-heuristic that guides a local heuristics search method to explore a given solution

space beyond local optimality using an adaptive memory structure and a responsive

exploration strategy [1 3].

The local heuristics search component of tabu search is similar to the generic local

search method as described in [35]. The local heuristics search explores a solution space

by moving from a given solution to another solution in the neighbourhood of the given

solution according to some defined rules. Consider a combinatorial optimization problem

that involves minimizing a cost function I'(x) over a finite set of solutions X. For each

solution x e X, there is an associated subset N(x) g X such that the elements of N(x) can

be derived by performing a move operation on .r. N(x) is known as the neighbourhood of

x and a move is a simple operation that can transform x into any of the solution in its

neighbourhood. To find a local optimal solution, the local heuristics search starts from an

initial solution x¿ as the current solution and at each iterative step l, a new solution is

chosen in the neighbourhood N(x) of the current solution ¡¡. The choice of a new solution

is usually guided by a selection strategy and the commonest is known as steepest descent

(i.e. the 'best' solution in the neighbourhood of the current solution becomes the next

current solution - the next current solution x¡+i satisfies l(x¡*r) < Y(x) V x e N(x)). The

iteration continues until a termination criterion is satisfied and the current solution after

the termination criterion is satisfied is the local optimal solution. For instance, the

termination criterion can be when all the solutions in the neighbourhood of a current

solution are worse than the current solution.

In most practical optimization problems, the trajectory of the cost function over the

set of solutions usually consists of several local optimums (Figure 3.1). Using the basic
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local heuristics search to find the global optimum for such problems can be misleading

since the local search can be easily trapped in a local optimum. As shown in Figure 3.2, if

the search starts at point x'6, the local optimum x'is presented as the optimum solution

instead of x that cannot be reached if the search starts at x's. Tabu search guides the local

heuristic search beyond local optimality by maintaining a selective history of the

encountered solutions during the search process and using the same to modify the

neighborhood of the current solution N(,r).

The encountered solutions can be tracked using a short term memory structure and/or a

long term memory structure. For the short term tabu search, the modified neighborhood

N'(x) of a current solution is a subset of the original neighborhood N(x). Consider a list T

(tabu list) that contains n different solutions, that is T = {xt, x2, ..., x,}, if T explicitly

contains solutions that have been encountered during the search process, then the

relationship amongst the original neighborhood N(x) and the modified neighborhood

N(x) of a current solution and the tabu list T is as follows:
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N'(x) = N(x)\Z

That is, N'(x) consists of solutions of N(x) that are not elements of the tabu list. The

solutions on the tabu list T are usually labeled as tabu-active and the duration of a

solution on the tabu list is known as tabu tenure t; that is, a solution can remain tabu-

active for a period of r iterations other than when the solution satisfies an aspiration

criterion (i.e. rules that are designed to override the tabu list membership rule in order to

enable tabu search achieve the best performance). For the long term tabu search, the

modified neighborhood N'(-r) can contain solutions that are ordinarily not included in the

original neighborhood N(x). Tabu strategies such as intensification and diversification

benefit from the long term memory structure. Intensification involves modifying the

choice rule to favor moves or combination of solutions that are historically found good.

Diversification drives the search process towards examining unvisited regions of the

search space in order to generate solutions that differ from the encountered solutions. I

refer the reader to Ii3] for a comprehensive description of the concepts of tabu search.

Tabu search has been successfully applied to solve several difficult real-life

optimization problems such as scheduling, location and allocation, logic and artificial

intelligence, telecommunications, routing, graph optimization, and general combinatorial

optimization. A comprehensive list and explanation of some of the applications of tabu

search to solve different optimization problems is available in [14, 17]. Recently,Zbang

and Sun [53] designed a tabu search to solve feature selection problem and compared its

performance with other feature selection techniques. The pseudocode of the tabu search

feature selection techniques is as follows:
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Start
Define variøbles

F = Solution space

f = initial solution

f - 'optimal' solution
N(f) = the neighbourhood of solution f and N(f) c F
k = iteration coltnter
TL = tabu list
JA = cost rttnction that evahtates the discriminatory capctbiLity of solution f

Initialize variables
Generate a starting sol.ution f
Set the optimctL solution as equal to initial solution i.e. f = f
Set iteration coltnter as I i.e. k = l
Set tabu list as a ruil| set; TL = @

Begin iteration
Generate a non-nLtll set of neighbourhood solutions of f N(f) = {yt, y2, ...}
// Neighbourhood search process
For each element of N(f)

compute the cost function value
compare the values and find the 'best' element in N(f)

Endfor
Set the 'best' element as y' i.e. y' e N(f) such that J(y') < /(y) V y e Nff)).
Check if y' is tabu-active (i.e. tf y' e TL) and if y' does not satisfy the aspiration crilerion
if yes,

remove y' from N(f) i.e. N(f) = N(/) - {y}
searchfor another solution in N(f) next in optimality to current y' and repeat the check

if no,

Set y' as current solution i.e.f - y'
if y' is berter that f i.e. J(y') < J(f)

set y' as the current optimal solution i.".f - y'

Check if tennination condition is satisfied
if no,

append the current solution to tabu list i.e. TL = TL u { f I
increment counter k = k + l
Iteration continues

tf yes,

otttput f as optimal solution
Stop

The comparative analysis in [53] shows tabu search as a promising tool for solving

feature selection problem.
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3.2 Multilevel paradigm

Multilevel paradigm or method (also known as multigrid) is an approach to solving

computational problem that was originally proposed in the field of numerical

approximation 15, 511. The primary idea of this method is to strategically and gradually

reduce the size of a computational problem instance such that the solution of a reduced

form of the problem can be extended to derive a solution for the original problem

instance. Typically, to apply this approach, an original problem domain discretization is

coarsened recursively to generate coarser discretizations (levels) by increasing the grid

spacing at a given discretization with respect to the spacing at the next less coarse

discretization. Subsequently, a solution at a coarse discretization is improved upon (i.e.

refined) in the less coarse discretization until a final solution is derived for the original

discretization. The process of improving a solution along the coarse discretizations is

based on two primary ideas: nested iteration and coarse grid correction 16l. The nested

iteration involves a simple process: compute an approximate solution at a given coarse

discretization, interpolate and use the approximation as the initial guess for an

approximation at the next less coarse discretization. The process starts at the coarsest

discretization and continues across the levels with decreasing coarseness. The final

approximation is used as an improved initial guess for the fine-grain relaxation (i.e. the

computation of a final approximate solution at the original problem domain

discretization). The nested iteration scheme helps to improve convergence in the original

problem domain discretization by providing a good initial guess to the relaxation method.

In some domain problem discretization, the final approximate solution produced by the

nested iteration still has significant errors; the application of the coarse grid correction is

very useful in such case. In the coarse grid correction, an approximation is first computed
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in the original discretization. The residual of the approximation is then projected onto the

next coarser discretization where an approximation of the associated error is computed by

solving for the error in the system of linear equations that relates the error with the

residual. The correction at the coarse discretization is interpolated to the fine

discretization and a new approximation is computed. The V-cycle scheme of multilevel

methods is based on the recursive application of the coarse grid correction.

The combination of the multilevel approach and search algorithms, often referred

to as multilevel search, is an adaptation of the multilevel paradigm to combinatorial

optimization problems. The multilevel search framework primarily consists of three

phases: coarsening, initial search, and rejinement. }dost often, the three phases occur

consecutively in the order stated above. The following describes the multilevel search in

relation to these phases. Consider a combinatorial optimization problem A and an original

problem instance of A denoted as Ao. As shown in Figure 3.3, during the coarsening

phase, a succession Ao,At,Az, ..., A¡-t.A¡ of increasingly smaller (or coarser) problem

instances of A is generated by recursively reducing the number of decision variables in

accordance with the definition of the original problem instance.
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During the initial search phase, which usually follows the coarsening phase, a

feasible solution s; of the smallest problem instance A¡ is computed. During the

refinement phase, the feasible solution s¡ of the coarsest problem instance A¡ is

interpolated onto and improved upon at the next less coarse problem instance A¡-t. The

refinement phase continues the interpolation and refinement of the solution from a coarse

problem instance to a less coarse problem instance until the values of the decision

variables of s¿ (the desired solution in the original problem instance As) can be derived by

interpolating a solution of the immediate less coarse problem instance Ar. We refer the

reader to 123, 48, 491 for recent applications of multilevel search to different

combinatorial optimization problems.

The design and implementation of the coarsening, search, and refinement phases of

multilevel search algorithms vary with different combinatorial optimization problems.

There are no generic designs and implementations of the multilevel algorithm phases;

therefore, the need to specify the design and implementation of these phases for the

proposed multilevel feature selection is imperative. The description of the design,

implementation, and calibration of these phases is presented in the next chapter.

JI



Chapter 4

Multilevel Search Algorithm for F eature
Selection Problem

This chapter describes the design of a search framework for the feature selection problem

using the multilevel search method. Particularly, I present the design requirements and

the calibration parameters of the multilevel search feature selection technique.

Consider a problem instance of the formulation (1) in section 1.2 above and a

biomedical dataset D = {S¡, Sz, S¡,... S¿} consisting of k samples. Each sample is

represented as a feature vector such that the dimensions of the vector correspond to the

features in the original feature set F = lf,, fr, f:, ...frlprovided in the given dataset. For

each sample S¡ = (s¡, sz, s;, ... s¿) represented as a feature vector, the elements ,t/, ,s2, si, ...

s¿ âro the coefficients of the dimensions of the feature vector and the values of these

coefficients are provided in the given dataset. The feature selection problem instance that

is considered in this context involves finding the'optimal'feature subset/from F such

that the cardinality of/ is predefined as m.

For programming purposes, the elements of F are represented using unique

positive integers that correspond to the position of each feature in the feature vectors

provided in the given dataset./being a subset of F is also represented as a set of unique

positive integers such that each element represents a feature that is selected from F as a

member of the optimal subset. For instance if L = 10 and m = 3, the possible elements of

F and/can be represented as follows: F = {1, 2,3,4,5,6,7,8,9, 10} andf = {3, 8, 10}.

In this example, the features in each given feature vector are uniquely represented using
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the positive integer position 1,2,3,..., 10 and the elements of/, i.e. 3, 8, 10 imply that

the third, eighth and tenth features in each feature vector constitute the optimal subset.

This representation is appropriate since the feature vectors in a given biomedical dataset

are ordered sets of feature values and the positions of the features are the same in each

feature vector. In a given feature space, the decision to select a feature to be a member of

a subset of the feature space is represented using an implicit Boolean variable x. Each

elementJ of F has a corresponding Boolean variable-r¡ such that when the value of x¡ is

sef to '1' during a selection process, the corresponding integer valueJ in F is included in

the desired subset; otherwise when set to '0', the corresponding integer value in F is not

included in the desired subset. The value of the decision variables are set by a decision

process and the underlying search metaheuristics (i.e. tabu search) performs the decision

process in the multilevel feature selection technique.

The first step in the design of the multilevel feaiure selection technique involves

identifying the coarsening strategy that can be used to recursively reduce the number of

features for the original problem instance in context. The second step involves identifying

an appropriate search method that finds a starting solution from the coarsest form of the

problem instance. The third step is to refine the starting solution across the reduced

problem instances from the coarsest to the least coarse instance. Figure 4.1 illustrates an

overview of the multilevel feature selection technique.
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As shown in Figure 4.I, the coarsening phase recursively generates coarser feature

subspaces using a parameter (reduction factor) that determines the coarseness of the

subspaces and a coarsening algorithm that determines the elements of the subspaces. The

search phase generates a solution of the coarsest feature subspace and the solution is used

to initialize the refinement phase of the technique. The refinement phase improves upon

the solution generated by the search phase across the subspaces with decreasing

coarseness. The following sections describe the details of these phases.

The multilevel search is a meta-heuristic method, therefore the calibration of

parameters such as the reduction factor, the number of levels in the hierarchy, and the

appropriate search method for the search and refinement phases, that define the design

configurations of the multilevel feature selection technique can be determined using

experimental results. I performed experiments for the different design phases of the

multilevel feature selection technique. In each experiment, I used a 2-class MRS dataset
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of biomedical origin from the National Research Council's Institute for Biodiagnostics

(NRC-IBD). The dataset consists of 337 samples and a feature space dimensionality of

1500; and the cardinality of the desired 'optimal subset' is 10. For each complete

experiment run, the dataset is randomly partitioned into training and test sets in the ratio

2:1 respectively. The experiments performed in the design phases use only the training

set partitions and these are represented as training dataset instances in the tables and

charts presented in the following sections.

4.1 Coarsening phase

The coarsening phase recursively creates a hierarchy of reduced form of the original

problem instance. For the feature selection problem, this phase recursively generates a

hierarchy of coarse feature subspaces. Across the hierarchy, a coarse feature subspace

consists of features obtained from the immediate less coarse subspace and the

dimensionality of the subspaces reduces with increasing coarseness. Given an original

feature set F6, the coarsening phase combines a coarsening strategy with parameters such

as the reduction factor r and the number of levels n to generate feature subspaces Fr, Fz,

..., Fn-r, Fn such that lF,l < lF,-rl

explicitly defined parameter that determines the number of levels in the hierarchy; and r,

the reduction factor, is the ratio of the dimensionality of a given feature subspace to the

dimensionality of the immediate coarser feature subspace i.e. r = lF¡l / lF+¡1.

The coarsening phase can reduce the dimensionality of the feature subspaces

using different coarsening approaches. We identify two coarsening approaches for the

feature selection problem: feature clustering andfeature pre-setting. The first approach is

similar to the coarsening strategy applied to the graph-partitioning problem [19]. It
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involves merging a collection of decision variables together and then representing the

merged variables by a single variable that results from the mergence. This idea can be

used to combine features and generate feature subspaces as follows: for a given level l,

the feature subspace F; can be coarsened by aggregating groups of features in F¡ such that

an approximated form of each group represents a new feature in the immediate next

coarse feature subspace F;*7. For a given subspace, the groups of features that are

approximated to constitute the immediate coarser subspace can be created using feature

clustering algorithms that identify the possible correlations that may exist amongst the

features in the given subspace. For instance, for biomedical MRS spectra wherein evident

correlations exist amongst adjacent features, the groups can be created by selecting

consecutive features within predefined window(s) and a statistics (e.g. median, average)

of the features within the window can represent an approximation of each group.

Typically, the coarsened feature subspaces generated using the clustering approach are

synthetic, i.e. they consist of features that literally may not exist in the original feature

space. Besides, the characteristics of the features can vary for each subspace in the

multilevel hierarchy. Therefore, the task of relating the solutions generated from the

synthetic feature subspaces to the desired solution in the original problem instance and to

the subsequent interpretation of the desired solution can be quite challenging. This

challenge may not be prominent for biomedical datasets wherein evident correlation

exists amongst adjacent features, since the resulting clusters in the synthetic subspaces do

not necessarily compromise the meaning of the original features that constitute the

clusters. However, for datasets wherein such correlation may not exist, the clusters are

usually not an approximate representation of the constituent original features with respect
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to meaningful interpretation; therefore, the final near-optimal solution selected for such

dataset can impair diagnosis and prognosis. A means of addressing the challenge of

retaining the originality of features in the feature clustering coarsening approach requires

tracking the features in a subspace that are combined to form new features in the coarser

subspaces.

The second coarsening approach (feature pre-setting) generates a coarse feature

subspace F¿+.¡ at level i+1 from the immediate less coarse subspace F¿ by excluding some

features from the feature subspace at level i. Once a feature is excluded at a given level,

the feature cannot be included in the solution space at the coarser levels. Selecting the

elements of the feature spaces at different levels in this manner recursively reduces the

dimensionality of the feature subspaces in the multilevel hierarchy and therefore reduces

the size of the solution space of the original optimization problem progressively. In the

present implementation, the hierarchical framework is encoded by maintaining an n x m

dimensional array such that m defines the number of levels in the hierarchy and n defines

the varying dimensionality of the feature spaces at each level in the hierarchy.

In order to create the coarse feature subspaces using the pre-setting approach,

there is need for a means of determining which features belong to each level. I identify

and investigate two strategies for this purpose: biased feature pre-setting and random

feature pre-setting. For a given feature subspace, the biased pre-setting strategy

determines the feature that belongs to the immediate coarser subspace by examining the

discriminatory capability of the features in the given subspace. The discriminatory

capability of the features can be determined by applying a feature selection technique to

explore the given feature subspace. Any appropriate feature selection technique can be
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used for this purpose; a simple feature ranking technique is used in the present

implementation. For a given feature subspace, the ranking technique sorts the features in

descending order of discriminatory capability and the first k features are selected, where k

is the cardinality of the next coarser subspace. In the random feature pre-setting strategy,

the features that belong to a coarser subspace that is next to a given subspace in the

hierarchy are selected randomly and recursively. A simple Gaussian random number

generator is used to guide the selection in the present implementation. I performed

experiments to investigate the effect of the two coarsening strategies on the performance

of the multilevel feature selection technique.

In the experiment, I use three instances of the multilevel algorithm that have the

same configurations except for the coarsening strategy to find the near-optimal subset for

l0 training dataset instances. The coarsening phase of the multilevel algorithm instances

differs only in the coarsening strategy that underlies the algorithm; the first instance is

based on the feature clustering strategy, the second and third instances are based on ihe

two versions of the feature pre-setting strategy (i.e. random feature pre-setting and biased

feature pre-setting, respectively). For the three multilevel algorithm instances, I compare

the estimated values of the classification error rate - CER derived using leave-one-out

cross validation. Table 4.L (a, b, and c) and Figure 4.2 show the results of the experiment.

Table 4.1a The classif¡cation error rate values for the mult¡level feature selectìon technique with a feature clustering coarsening strategy

Differentdataset 1 2 3 4 5 6 7 8

instances / same

I 10

dataset instances CER CER CER CER CER CER CER CER CER CER

44

1 o.osgr133 0.0394099 0.0738916 0.0738916 0.029ss67 0.06896ss 0.0492611 0.0591133 0.08867 0.0689655

2 o.oqgz611 0.0492611 0.0738916 o.o7¡g177 0.0394089 0.04433s o.os41l72 0.0492611 0.0s91133 o.o7BB177

3 o.os+1872 0.0492611 0.0640394 0.0738916 0.0394089 o.osg1133 0.044335 o.os41l7z o.os41ï72 0.06896s5

4 o.oo+0994 0.05911s3 0.0640394 0.08867 0.0394089 0.0394089 0.049261r 0.0738916 0.0640394 o.o83z43g

5 o.osgr133 0.0s91133 o.0541972 0.093s961 0.0394089 o.os4tl72 0.0492611 0.0s91133 0.0492611 0.068965s

Average 0.05714 0.05123 0.06601 0.08177 0.03744 0.0532 0.04926 0.05911 0.06305 0.07389

Average objective funct¡on value = 0.05921 Standard Deviation = x0.01275
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Table 4.1 b The classification error rate values for the multilevel feature selection technique w¡th a random feature pre-settìng coarsenlng
stfategy

45

Differentdataset 1 2 3

instances / same
dataset instances CER CER CER

456

CER CER CER

789

CER CER CER

10

CER

1

2

3

4

5

0.0541872 0.0492611 0.0689655 0.0738916

0.0591133 0.0394089 0.0344828 0.0837438

0.0492611 0.0394089 0.0689655 0.0935961

0.0738916 0.049261 1 0.0541872 0.0985222

0.0492611 0.0492611 0.0541872 0.0935961

0.0344828 0.0689655 0.049261 1

0.0344828 0.0591133 0.0394089

0.044335 0.0591133 0.0541872

0.0394089 0.0738916 0.0541872

0.0492611 0.0640394 0.044335

0.0492611 0.044335 0.0837438

0.0640394 0.0541872 0.0738916

0.0689655 0.0689655 0.0738916

0.0738916 0.0591133 0.0640394

0.0640394 0.O78A177 0.0640394

Average 0.0s714 0.04532 0.05616 0.08867 0.04039 0.06502 0.04828 0.06404 0.06108 0.07192

Average objective funct¡on value = 0.05980 Standard Deviat¡on = + 0,01401

Table 4.1c The classification error rate values for the multilevel feature selection technique w¡th a biased variable pre-setting coarsening
strategy

Different dataset 1 2

instances / same
dataset instances CER CER

3456789

CER CER CER CER CER CER CER

10

CER

1

2

3

4

5

0.0591133 0.0541872 0.0640394 0.0837438

0.0541872 0.0640394 0.0837438 0.0640394

0.0591133 0.044335 0.0541872 0.078A177

0.0541872 0.068965s 0.0689655 0.0738916

0.0541972 0.044335 0.07389'16 0.0837438

0.0541872 0.0640394 0.0689655

0.044335 0.0640394 0.029s567

0.044335 0.0541872 0.0541872

0.0295567 0.0591133 0.0s91 133

0.0344828 0.0591r33 0.0394089

0.0837438 0.0689655 0.0640394

0.0541A72 0.0689655 0.0837438

0.0738916 0.0591133 0.0689655

0.0591 133 0.0738916 0.0640394

0.o591133 0.0591133 0.0591133

Average 0.05616 0.05517 0.06897 0.07685 0.04138 0.0601 0.05025 0.06601 0.06601 0.06798

0.1

Average object¡ve function value = 0.06089 Standard Deviatìon = r0.01039
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As shown in Figure 4.2, varying the coarsening strategies using the afore-

mentioned strategies does not have obvious influences on the overall performance of the

multilevel feature selection technique. However, Table 4.1(a, b and c) show that the

average estimated classification error rate (0.0592I) and the standard deviation (+

0.01275) over the 10 dataset instances are least for the feature clustering strategy. Also,

the random pre-setting strategy has a lower average estimated error rate (0.05980) but a

higher standard deviation (t 0.01401) than the biased pre-setting strategy (0.06089 t

0.01039). The clustering strategy and the biased pre-setting strategy require more

computational resource than the random pre-setting strategy. The clustering strategy

requires additional computing resource to track the features that are combined to

constitute a coarser subspace at each level; and the biased pre-setting strategy requires

additional computing resource to determine the features that are selected from a coarse

subspace to a coarser subspace. Therefore, the computational cost of the multilevel

feature selection technique is higher when based on the clustering coarsening or the

biased pre-setting approach than when based on the random pre-setting coarsening

approach. I use the random pre-setting coarsening strategy in present implementations of

the multilevel feature selection technique, since this strategy requires the least

computation cost and its influence on the multilevel feature selection technique is highly

competitive when compared with the other strategies.

Besides the coarsening strategy, another important parameter in the coarsening

phase is the reductionfactor (i.e. r = lFl/ lF",rl).The reduction factor can be predefined

explicitly as a constant value when the coarsening is done using feature pre-setting

strategy. The reduction factor can also be defined implicitly as the average window size
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when the coarsening is done using a clustering strategy. Presently, the appropriate value

of the reduction factor for a given problem instance cannot be determined theoretically. I

perform experiments to determine an appropriate value for the reduction factor for a

given problem instance. In the experiment, I use similar configurations (except for the

value of the reduction factor that varies with each instance) of the multilevel feature

selection algorithm to find the near-optimal subset for the same biomedical datasets. The

dimensionality of the original feature space of the biomedical datasets is 1500 and the

number of levels in the multilevel algorithm instances is set to 3. I compare the estimated

values of the classification error rate - CER using leave-one-out cross validation for the

multilevel algorithm instances with the reduction factor value set to 2, 3, 4, 5, and 6.

Table 4.2a, b, c and Figure 4.3 show the results of the experiment. In Figure 4.3, the

objective function value for the near-optimal subset selected using the different

multilevel algorithm instances is plotted against 10 training set instances.

Table 4.2a classif¡cat¡on error rate values for the mult¡level feature selection technique with a reduction factor of 2

41

D¡fferentdataset 1 2 3 4 5 6 7 I
instances / same
dataset instances CER CER CER CER CER CER CER CER

9 10

CER CER

1 o.osgr133 o.o6896ss 0.068965s 0.0492611 0.0492611 0.0394089 o.o541l7z 0.103448s
2 0.05+rB7z o.os41l72 0.0394089 0.0591i33 o-os41l7z 0.0394089 o.06g96ss 0.093s961

3 o.ozsa916 0.0s91133 o.o344B2B o-0s41872 o.o344B2B 0.0394089 0.0738916 0.068965s

4 0.05+1872 o.os41l72 o.os41l72 0.0s91133 0.0541872 0.0492611 0.0s91i33 0.0738916

5 o.oo+0394 0.0492611 0.0640394 0.0s91133 0.0394089 0.04433s 0.0s91133 0.1034493

0.0837438 0.0640394

0.0689655 0.0591133

0.0837438 0.0580186

0.0738916 0.0591 133

0.0689655 0.0613027

Averase 0.0610837 0.0571429 0.0522168 0.0561576 0.0463054 0.0423645 0.0630542 0.08867 0.0758621 0.0603175

Average objective function value = 0.06032 Standard Deviation = + 0.01360
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Table 4.2b The classification error rate values for the multilevel feature seiection technique with a reduction factor of 3

48

Differentdataset 1 2 3
instances / same
dataset instances CER CER CER

456

CER CER CER

7

CER

89

CER CER

10

CER

1

2

3

4

5

0.0541872 0.0541872 0.0541872 0.0591 1 33

0.0492611 0.0s91133 0.0344828 0.044335

0.0541872 0.0640394 0.04433s 0.0640394

0.04926r1 0.0640394 0.0394089 0.0492611

0.0689655 0.0640394 0.0591133 0.0689655

0.0591 133 0.0344828 0.0640394

0.0738916 0.0394089 0.0591133

0.0344828 0.0344828 0.0492611

0.0394089 0.04926'1 r 0.0689655

0.0344828 0.044335 0.0689655

0.08867 0.0788177 0.0607s53

0.0689655 0.0640394 0.0547345

0.0788177 0.0738916 0.0ss2819

0.0738916 0.08867 0.0580186

0.08867 0.0640394 0.0623974
Average 0.0551724 0.0610837 0.0463054 0.0571425 o.o4a2759 0.0403941 0.062069 0.079803 0.0738916 0.0582375

Average objective functìon value = 0.05824 Standard Deviation = * 0.01203

Table 4.2c The classification error rate values for the multilevel feature select¡on technique with a reductíon factor of 4

Different dataset
instances / same
dataset instances

1

CER

2

CER

3

CER

I

CER

10

CERCEB CER CER CER

6

CER

1

2

a

4

5

0.0640394 0.08867 0.0738916 0.0640394 0.0541872 0.0s91133 0.0837438 0.0935961

0.0640394 0.0738916 0.0689655 0.0689655 0.0640394 0.044335 0.0738916 0.0935961

0.06896s5 0.0738916 0.0640394 0.0640394 0.0738916 0.0492611 0.0689655 0.0788177

0.0689655 0.0738916 0.0591133 0.0788177 0.04433s 0.044335 0.0689655 0.0837438

0.06896ss 0.0788177 0.0591133 0.0738916 0.0541872 0.0541872 0.0788177 0.0985222

0.08867 0.074439

0.0738916 0.0695.129

0.08867 0.0700602

0.093s961 0.0684182

0.1133005 0.0755337

Average 0.0669951 O.O77A325 0.0650246 0.0699507 0.0581281 0.0502463 0.0748768 0.0896552 0.0916256 0.0715928

Average objectìve funct¡on value = 0.07159 Standard Deviation = + 0.01283

Table 4.2d The classìfication error rate values for the multilevel feature selection technique with a reduction factor of 5

Differentdataset 1 2 3 4
¡nslances / same
dataset instances CER CER CER CER

5678

CER CER CER CER

I

CER

10

CER

1

J

4

R

0.0640394 0.0738916 0.0837438 0.0788177

0.0640394 0.0788177 0.0689655 0.0689655

0.0591133 0.0640394 0.0738916 0.0689655

0.0689655 0.0689655 0.0640394 0.0s91133

0.0640394 0.0788177 0.0640394 0.0640394

0.0541A72 0.0492611 0.0591133 0.08867 0.0788177 0.0700602

0.0738916 0.0541A72 0.0788177 0.0985222 0.08867 0.0749863

0.0788177 0.0s91133 0.078A177 0.0935961 0.0738916 0.0722496

0.0541872 0.0541872 0.0689655 0.0837438 0.0837438 0.067323s

0.0689655 0.0591133 0.0837438 0.O7AA177 0.1034483 0.0738916

Averase 0.0640394 0.0729064 0.070936 0.0679803 0.0660099 0.0551724 0.0738916 0.0886699 0.0857143 0.0717022

Average object¡ve function value = 0.07170 Standard Deviation = t 0.00983

fab],e 4.2e The classification error rate values for the multilevel feature selection technique w¡th a reduction factor of 6

Different dataset 1

¡nstances / same
dataset instances CER

2

CER

345678

CER CER CER CER CER CER

9

CER

10

CER

1

2

4

5

0.0689655 0.0738916 0.0394089 0.078A177

0.0689655 0.0689655 0.0640394 0.08867

0.0640394 0.0738916 0.0689655 0.0541872

0.0689655 0.0837438 0.0640394 0.0591133

0.0738916 0.08867 0.0689655 0.0738916

0.0591 133 0.0591 133 0.0788177

0.0591133 0.0689655 0.0788177

0.049261 1 0.0640394 0.0788177

0.044335 0.044335 0.0640394

0.0837438 0.0591133 0.0837438

0.0788177 0.0788177 0.0684182

0.0985222 0.0837438 0.0755337

0.0985222 0.0788177 0.0700602

0.0837438 0.068965s 0.0645868

0.0935961 0.0788177 0.0782704
Average 0.0689655 0.0778325 0.0610837 0.070936 0.0591133 0.0591133 0.0768473 0.0906404 0.0778325 0.0713738

Average objective funct¡on value = 0.07137 Standard Deviat¡on - + 0.00998
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As shown in Figure 4.3, with reduction factor values of 2 and 3, the multilevel feature

selection algorithm consistently finds near-optimal subsets having lower average error

rate than for the other reduction factor values (i.e.4,5 and 6). Using the empirical results

shown above, a reduction factor that coarsens a subspace by 30-50Vo can be

recommended for similar problem domain instances. This recommendation agrees with

the reduction factor of 2 that is used in most configurations of the multilevel search

algorithm for solving the graph partitioning problem. A reduction factor of 3 is used in

the present implementations of the multilevel feature selection algorithm.

The number of levels in the multilevel hierarchy is another important parameter

that can influence the performance of the multilevel feature selection technique. This

parameter can be explicitly predefined based on empirical inferences or implicitly
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defined as a function of other parameters such as the reduction factor and the

dimensionality of the original problem instance. I investigate the effect of the number of

hierarchical levels on the performance of the multilevel feature selection technique using

experiments that compare different instances of the technique having varying number of

levels while the other parameters of the technique are constant. Similar caliberation

experiments are performed using different instances of the multilevel feature selection

50

algorithm having the number of levels set

configurations remains constant. Table 4.3 (a,

results of the experiment.

Table 4.3a The classification error rate values for the multìlevel feature selection technique with 2 levels

2, 3, 4, 5, and 6 while the other

c, d, and e) and Figure 4.4 show the

to

b,

DifferentlZg4
dataset

instances /
same CER CER CER CER

dataset
instances

5

CER

678

CER CER CER

I 10

CER CER

I o.oagz+sa 0.0738916 o.o68965s 0.0837438

2 o.oqgzatl 0.0640394 0.0837438 0.0591133

3 o.osglrgg o.o7gl177 o.o7BB177 0.0492611

4 o.ozsagr6 o.o7la177 0.oz3g9r6 0.0738916

5 o.ozgagr6 0.0738916 0.0689655 o.o7aï17z

0.0591133 0.0ô89655 0.0738916 0.0640394

0.0541872 0.0738916 0.068965s 0.0689655

0.0640394 0.0640394 0.044335 0.0640394

0.0492611 0.0591133 0.0591133 0.0541872

0.0640394 0.0492611 0.0689655 0.0640394

0.0738916 0.O788177

0.0591133 0.0738916

0.0738916 0.0689655

0.0640394 0.0788177

o_0541872 0.0738916

Average 0.06798 0.07389 0.07488 0.06897 0.05813 0.06305 0.06305 0.06305 0.07488

Average objective function value = 0.06729 Standard Deviation = t 0.00582

Table 4.3b The classìfication error rate values for the mult¡level feature selection technique with 3 levels

D¡fferent1234
dataset

¡nstances /
same CER CER CER CER

dataset
¡nstances

5678

CER CER CER CER

I 10

CEB CER

1 o.oo¿ogg4 0.0640394 0.0738916 0.06896s5

2 o.ooegoss 0.07s8916 o.o7\Bi77 0.06896s5

3 o.os+raz2 0.06896ss 0.0837438 0.0640394

4 o.ooegoss 0.0738916 0.07a8916 0.0541872

5 o.os+rez2 0.0738916 0.06896s5 0.0591133

0.0738916 0.0541872 0.0640394 0.0689655

0.0689655 0.0591133 0.0738916 0.0689655

0.0640394 0.0492611 0.0591133 0.0492611

0.044335 0.0591133 0.0738916 0.059f133

0.0591133 0.0591133 0.0541872 0.0541872

0.0541872 0.0788177

0.0640394 0.0738916

0.0541872 0.0788177

0.0689655 0.0738916

0.0738916 0.0837438

Average 0.06207 0.07094 0.07586 0.06305 0.06207 0.05616 0.06502

Average objeclive funct¡on value = 0.06562 Standard Deviation = t 0.00700



CHAPTER 4. MULTILEVEL SEARCH ALGORITHM FOR FEATURE SELECTION PROBLEM

Table 4.3c The classification error rate values for the multilevel feature select¡on techn¡que with 4 levels

5l

Different 
1

dataset
ìnstances /

same CER
dataset

instances

CER CER CER

10

CER CER CER CER CERCER

1

2

3

4

5

0.068965s 0.0591 133 0.0738916 0.0837438

0.054't872 0.054't872 0.0837438 0.0738916

0.0591 1 33 0.08867 0.0837438 0.049261 1

0.0738916 0.0640394 0.0788177 0.0689655

0.049261 1 0.0541872 0.0689655 0.0640394

0.0689655 0.0541872 0.0591133

o.0541872 0.0492611 0.0689655

0.0541872 0.0541872 0.0689655

0.0591133 0.0738916 0.0788'177

0.0541872 0.0689655 0.0541872

o.0541872 0.0738916 0.0788177

0.0689655 0.O788177 0.0738916

0.08867 0.0591133 0.0837438

0.0591133 0.0640394 0.0837438

0.0689655 0.0640394 0-0738916

Average 0.06108 0.06404 0.07783 0.06798 0.05813 0.0601 0.06601 0.06798 0.06798 0.07882

Average objective function value = 0.06700 Standard Dev¡ation = * 0.00692

Table 4.3d The classificat¡on error rate values for the multilevel feature seiection technìque with 5 levels

Different 1
dataset

instances /
same CER

dataset
¡nstances

10

CER CER CËR CER CER CER CER AEÞ CER

1 o.osg1 r3s 0.0640394 0.08867 0.0640394

2 o.0s¿1872 o.o73ggi6 0.0738916 0.08867

3 o.oo¿0g94 0.0640394 o.o7BB177 0.04926r1

4 o.ooagos5 0.07881r2 0.0837438 0.0738916

5 o.ozsarzT o.0s91133 o.oB3743B 0.0640394

0.0689655 0.0689655 0.0689655

0.044335 0.0591133 0.0788177

o.0541A72 0.0689655 0.0492611

0.0738916 0.0591133 0.0591133

0.0492611 0.0689655 0.0738916

0.0640394 0.0689655 0.08867

0.0689655 0.0541A72 0.08867

0.0492611 0.0837438 0.0935961

0.0394089 0.08867 0.08867

0.0492611 0.0640394 0.0837438

Average 0.06502 0.06798 0.08177 0.06798 0.05813 0.06502 0.06601 0.05419 0.07192 0.08867

Average objective function value = 0,06867 Standard Deviation = * 0.01021

Iable 4.3e The classification error rate values for the multilevel feature select¡on technique with 6 levels

D¡tferent 
1

dataset
instances /

same CER
dataset

instances

CER CER CER

10

CER CER CER cÊR CER AEÞ

1 o.ozaarzT o.o7gï177 0.0738916 0.0640394

2 o.o+gzatt 0.0689655 o.o73g9i6 0.0738916

3 o.o+geor 0.0s91133 0.0738916 0.0640394

4 o.os+raz2 0.059r 133 0.0738916 o.o6g96ss

5 o.oasz+3a o.o7lli77 0.0738916 0.0s91133

0.0591133 0.0640394 0.0640394

0.0640394 0.0640394 0.0689655

0.0738916 0.0591133 0.0640394

0.0640394 0.0591133 0.0591133

0.044335 0.0689655 0.0788177

0.0689655 0.O788177 0.0738916

0.0492611 0.0738916 0.0837438

o.o7aa177 0.0689655 0.08867

0.0640394 0.0591133 0.0837438

0.0591133 0.O788177 0.0935961

Average 0.06305 0.06897 0.07389 0.06601 0.06108 0.06305 0.067 0.06404 o.o71g2 0.08473

Average objective function value = 0.06837 Standard Deviation = * 0.007047
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From Figure 4.4, varying the number of levels in the multilevel hierarchy seem not to

show an obvious trend in the behaviour of the multilevel feature selection algorithm.

Moreso, the number of levels that is possible in the hierarchy is implicitly restricted by

the size of the feature selection problem instance and the value of the reduction factor,

since the dimensionality of the feature subspaces at any level in the hierarchy cannot be

less than the cardinality of the desired optimal subset. However, Table 4.3 (a, b, c, d, and

e) shows that setting the number of levels to 3 or 4 can be appropriate for the given

problem instance since the algorithm maintains a competitive classification error rate and

stability for these values.

4.2 Search phase

The search phase involves finding a solution of the smallest problem instance. For

the feature selection problem, the search phase finds a solution for the coarsest feature
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subspace. The solution generated by the search phase is presented to the refinement phase

to be improved upon. This solution can be obtained using either an exact or an

approximate search method. Exact searches yield optimal solutions for the given feature

subspace, but there are strong limitations on the dimensionality of feature subspace that

can be solved feasibly. To apply an exact search, the coarsening process has to be

performed until a feature subspace with small dimensionality is obtained. In the context

of the feature selection problem, there is need to consider the relevance of finding the

optimal solution for the coarsest feature subspace to the quality of the desired near-

optimal subset for the original feature space. Using a wrapper-based feature selection

technique, a solution is usually optimal with respect to a target classifier. That is, the

optimal solution can vary for different classifiers. Therefore, using an approximate

solution at the coarsest feature subspace may not necessarily impair the quality of the

near-optimal subset desired at the original feature space. Heuristic methods provide

approximate solutions that are adequate irrespective of the dimensionality of the original

feature space.

The search phase can be designed such that a single 'best' solution or a set of elite

solutions is produced at the end of the phase, and the refinement phase can be initiated

from the single 'best' solution or from the set of elite solutions. When a set of elite

solutions is found, the refinement phase can be performed over the elite set by

propagating and improving on the set of solutions across the levels. The set of elite

solutions can be obtained in different ways. An approach is to search the coarsest level

using different search methods and keeping the best solution obtained by each of the

search methods. Another approach is to generate the set of elite solutions by randomly
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selecting ft different initial solutions that are used to initiate different instances of the

same search method. Also, the elite set can be generated using k best subsets found by a

single search method. However, there is a potential constraint on working with a set of

elite solutions: the additional computational cost required to compute the objective

function more often may not worth the effort in terms of the quality of the final near-

optimal solution. I perform experiments to investigate any influence on the performance

of the multilevel feature selection technique when a single solution or an elite solution set

is generated by the search phase. In the experiment, I configure two instances of the

multilevel feature selection such that the search phase for one instance generates a single

solution while the other instance generates a set of elite solutions at the coarsest feature

subspace. The search phase generates the elite solution set by randomly selecting k initial

solution that are used to initialize k instances of a search method (i.e. tabu search) and the

solution from the instances constitute the elite set. The search phase uses the same search

method to find the single solution and the solutions in the elite set. Any other search

method applicable to feature selection problem can be used to find the solution(s) in the

search phase. Allocating equivalent amount of computation resource to both search phase

configurations, I compare the estimated values of the classification error rate using the

leave-one-out cross validation for the multilevel algorithm instances having the two

search phase configurations: using a single solution and an elite solution set. Table 4.4a,

b and Figure 4.5 show the results of the experiments.

54
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Different
dataset

¡nstances /
same dataset

¡nstances

5

CER

6

CER CER

I

CER

10

CER CER CER CER CER CER

1

2

J

4

5

0.0591133 0.0541872 0.0492611 0.0344828 0.0591133 0.044335 0.0591133

0.0394089 0.0640394 0.0541872 0.0394089 0.0591133 0.0640394 0.0591133

0.044335 0.0591133 0.0492611 0.0394089 0.0640394 0.0541872 0.0591133

0.0541872 0.0541872 0.0492611 0.0394089 0.0492611 0.044335 0.0738916

0.0492611 0.0591133 0.0492611 0.0295567 0.0541872 0.0541872 0.0591133

0.0295567 0.0394089 0.0591133

0.0295567 0.029s567 0.0689655

0.044335 0.0344828 0.0591133

0.0295567 0.0344828 0.0541872

0.0394089 0.0394089 0.0640394

Average 0.04926 0.05813 0.05025 0.03645 0.05714 0.05222 0.06207 0.o3448 0.03547 0.06108

Average objective functìon value = 0.04966 Standard deviation = i 0.01067

Different
dataset

instances /
same dataset

instances
CER

2

CER

5

CER

10

CER CER CER CER CER CER CER

1

2

3

4

5

0.0492611 0.0591133 0.0541872 0.0344828 0.04433s 0.0541872 0.0591133

0.0344828 0.0591133 0.044335 0.0344828 0.0541872 0.0591133 0.0591133

0.0492611 0.0591133 0.0492611 0.0295567 0.0541872 0.0591133 0.0689655

0.044335 0.0s91133 0.0492611 0.0344828 0.04926r'r 0.0541872 0.0640394

0.0541872 0.0591133 0.0492611 0.0295567 0.0541A72 0.0s91133 0.0492611

0.0246305 0.0394089 0.0541872

0.044335 0.044335 0.0640394

0.044335 0.0394089 0.0738916

0.044335 0.044335 0.0640394

0.0492611 0.0394089 0.0541872

Average 0.04631 0.05911 0.04926 0.03251 0.05123 0.05714 0.0601 0.04138 0.04138 0.06207

0.07

Average objective function value = 0.05005 Standard Deviat¡on = t 0.00973

4567
Training dataset instances
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As shown in Figure 4.5, there is no apparent performance difference in the multilevel

feature selection technique when the search phase generates a single solution or a set of

elite solution that is used in the subsequent phases of the technique. However, Table 4.3a,

b show that the average estimated error rate over the 10 dataset instances is lower for the

search phase configuration that generates a single solution than for the search phase

configuration that generates an elite solution set. Also, the latter configuration generates

fairly more stable estimated error rate since the standard deviation over the 10 dataset

instances is lower. In the present implementations of the multilevel feature selection

technique, I use the search phase configuration that generates a single solution for

simplicity purposes.

4.3 Refinement phase

For the multilevel feature selection technique, the coarsening phase produces a

hierarchy of coarse feature subspaces such that the subspace at level i is (explicitly or

implicitty) a subset of the subspace at the next less coarse level i-1; the search phase

produces the starting solution(s), i.e. a solution(s) of the coarsest feature subspace; and

the refinement phase improves upon the starting solution(s) across the feature subspaces

in the hierarchy with decreasing coarseness. The refinement phase improves upon the

solutions(s) by interpolating the solutions(s) at a coarse level I onto the immediate less

coarse level i-1, and refining the projected solution in the less coarse subspace. The

interpolation and refining processes depend on how the features in the feature spaces are

generated in the coarsening phase. When the coarse feature subspace at level I in the

hierarchy consists of synthetic features generated from clusters of features from the next

less coarse subspace at level i-1, interpolating the solution at level I onto level i-l can



CHAPTER 4. MULTILEVEL SEARCH ALGORITHM FOR FEATURE SELECTION PROBLEM 57

involve decomposing each synthetic feature that belongs to the solution at level I into the

constituent features at level i-1. To refine the solution, the features that result from the

projection can be combined literally to form a subset of features wherein an initial

solution can be selected and used to initiate the search heuristics over the subspace at

level l- 1. I refer to the search heuristics that are used for the refinement processes as

refinement heuristics. When the coarse feature subspaces consist of original features that

are selected using the feature pre-setting startegies, the interpolation can simply consist of

using the 'best' solution (or solutions from the elite set) at level i as an initial solution for

the refinement heuristics at level l-1. Then once a solution has been interpolated from

level i, it can be improved upon by the refinement heuristics at level l-1. In the present

implementation of the multilevel feature selection technique, the later form of

interpolation is used since the coarsening is done using the random feature pre-setting

strategy.

Unlike the search phase, the set of heuristics that can be used in the refinement

phase is quite restricted. Search heuristics such as the greedy-like SFS, SBS, and their

variants cannot be used as refinement heuristics since these methods usually create the

'optimal' feature subset from a sequence of addition or elimination of features from a

starting subset having a cardinality of 0 or L - the dimensionality of the original feature

space. In the present implementation of the multilevel feature selection technique, the

tabu search (as implemented in [53]) is used as the refinement heuristics.

To design the refinement phase of the multilevel feature selection technique, I

consider the following decisions: whether to interpolate and refine a single best solution

or a set of elite solutions across the levels; and whether to allocate a constant or varying
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amount of refinement resources. The first decision is guided by the results of the

experiments in the search phase (Table 4.4a, b and Figure 4.5 above) that investigate the

effect of using either a single solution or a set of elite solutions on the feature selection

algorithm. The results show that there is no apparent performance difference in the

multilevel feature selection technique when a single solution or an elite solution set is

generated by the search phase and improved upon accordingly by the refinement phase.

However, for the second decision, I investigate the effect of varying the allocation of the

refinement resource across the levels on the performance of the multilevel feature

selection algorithm. The refinement resource in this context refers to the cost of

computing the objective function values in order to determine the discriminatory

capability of an examined feature subset; and the allocation of the resource is based on

the number of times the objective function evaluates the examined feature subset at each

level during the refinement phase. Therefore, the allocation of resources directly relates

to the number of iterations of the refinement heuristics at each level. I performed

experiments to investigate three allocation possibilities: allocating equal amount of

resource to refine the solution(s) at each level (i.e. constant resource allocation);

increasing the amount of allocated resources with decreasing coarsensss of the feature

subspaces across the levels; and decreasing the amount of allocated resource with

decreasing coarseness of the feature subspaces across the levels. The decrement or

increment of the resource allocation across the levels is based on a simple arithmetic

progression. The number of iterations for the level having the least amount of allocation

is set at a value (i.e. the basic number of iterations) and the subsequent levels are

increased progressively by a factor of the basic number of iterations. In the experiment, I

58
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create three instances of the multilevel feature selection algorithm such that each instance

is based on one of the allocation possibilities. I compare the classification error rate

derived using the leave-one-out cross validation for the three instances of the multilevel

feature selection algorithm. Table 4.5a, b, c and Figure 4.6 show the effect of the three

refinement scenarios on the performance of the multilevel feature selection technique.

Table 4.5a The classification error rate values for the multilevel feature selection technique with increasing number of ¡terations as
coarseness decreases

Differentdataset 1 2 3 4 5 6 7 I
instances / same
dataset instances CER CER CER CER CER CER CER CER

I 10

CER CER

0.0640394 0.0837438 0.0689655 0.0837438 0.0738916 0.0985222 0.0640394 0.0837438 0.0738916 0.0985222

0.0541872 0.06896s5 0.0492611 0.0640394 0.0689655 0.0689655 0.0689655 0.0640394 0.0689655 0.0689655

0.0738916 0.0640394 0.0837438 0.0541872 0.0640394 0.0738916 0.0640394 0.0541872 0.0640394 0.0738916

0.0591133 0.0689655 0.0492611 0.0738916 0.0738916 0.0689655 0.0s9r133 0.0738916 0.07389r6 0.068965s

0.0492611 0.0837438 0.0640394 0.0591133 0.0738916 0.0689655 0.0689655 0.0591133 0.0738916 0.068965s

Average 0.0600985 0.0738916 0.0630542 0.0669951 0.070936 0.0758621 0.0650246 0.0669951 0.070936 0.0758621

Average object¡ve funct¡on value = 0.06897 Standard Deviation = t 0.00542

Table 4.5b The classifìcation error rate values for the mult¡level feature selection technique with decreasing number of iterat¡ons as
coarseness decreases

1

2

â

4

Differentdataset 1 2 3 4 5 6 7 8

instances / same
dataset instances CER CER CER CER CER CER CER CER

I 10

CER CER

1 o.oqgz6r1 0.093s961 0.0738916 o.o6896ss 0.068965s 0.0738916 0.0640394 0.o6g96ss 0.0689655 0.0738916

2 o.oo¿0394 0.1034493 0.04433s 0.0640394 0.0738916 0.0837438 0.0591133 0.0640394 0.0738916 o.oB3743B

3 o.oo+0394 0.0s91r33 0.06896ss 0.0640394 0.0s91133 0.08867 o.os41l72 0.0640394 0.0591r33 0.0886z

4 o.oaezßB o.o7gl177 0.0738916 0.0s91133 0.0935961 o.o7BB177 0.0640394 0.0s91133 0.093s961 o.o7gg177

5 0.0+92611 0.0689655 0.04433s 0.0738916 0.o6g96ss 0.08867 0.0s91133 0.0738916 0.o6g96ss 0.08867

Average 0.062069 0.0807882 0.0610837 0.0660099 0.0729064 0.0827586 0.0600985 0.0660099 0.0729064 0.0827586

Average object¡ve funct¡on value = 0.07074 Standard Dev¡ation = t 0.00898

Table 4.5c The classìfication error rate values for the multilevel feature select¡on techn¡que w¡th constant number of ¡terations as coarseness
decreases

Differentdataset 1 2 3 4 5
instances / same
dataset ¡nstances CER CER CER CER CER CER

7

CER

I I 10

CER CER CER

1 0.oz08916 0.0788127 o.o7BB177 o.o7*g177 o.o6g96ss o.o7gg177 0.0738916 o.o7*Bi77 o.o6g96s5 o.o7lli77
2 o.oqgz611 0.0837438 o.o7lli77 0.08867 0.0837438 0.0837438 0.0591133 0.0886z 0.0837438 0.0837438

3 o.oz38gi6 0.093s961 o.o7gl177 0.068965s 0.08867 0.093s961 0.06896s5 0.0689655 0.08867 0.0935961

4 o.os+rB7z o.oglszzz 0.1034483 0.0837438 0.0738916 0.0935961 o.o7BB177 0.0837438 0.0738916 0.0935961

5 o.osgllgg o.ozggglo o.oegz+gg o.ozsaglo o.ozealzz 0.0z98916 o.ozealzz o.ozsagro o.ozaglzz o.ozgaglo

Average 0.062069 0.08571¿lÍ1 0.0847291 0.0788177 0.0788'lT7 0.0847291 0.0719212 0.0788177 0.0788177 0.0847291

Average objective function value = 0.07892 Standard Deviation = t 0.00731
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As shown in Figure 4.6, when the number of iterations across the levels is varied

(i.e. by decreasing or increasing), the multilevel feature selection algorithm finds subsets

with consistently less classification error than when a constant number of iteration is

maintained across the levels. This can be attributed to a more flexible exploration of the

hierarchical search framework that is derivable by implicitly allocating more resources to

the search method at levels where highly discriminatory subsets can be found. Besides,

the configuration of the multilevel feature selection technique wherein the number of

iteration increases as the coarseness decreases across the levels enables an intensive

search in the subspaces with smaller dimensionality and a more diversified search in

subspaces with larger dimensionality. This can explain the reason for the relatively more

stable near-optimal subset generated by this configuration of the multilevel technique. In

the present implementation of the multilevel feature selection technique, the allocation of
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refinement resources increases as the coarseness of the subspaces decreases across

levels.

the



Chapter 5

Experiments and Results

Generally, the evaluation of heuristics or meta-heuristics is based on empirical

analysis since there are presently no known theoretical methods for evaluating or

analysing these techniques. This chapter presents the empirical comparisons of the newly

presented multilevel feature selection technique with other feature selection techniques.

The following sections provide descriptions of the evaluation experiments and the

biomedical datasets used in the experiments, and a discussion of the results of the

experiments.

5.1 Experimental dataset

The dataset used in the experiments is a MRS dataset of biomedical origin from

the National Research Council's Institute for Biodiagnostics (NRC-IBD). The dataset

consists of 331 labelled samples (175 in the class with label '1' and I29Ln the class with

label'2') with a feature space dimensionality of 1500 and the cardinality of the desired

optimal subset is set at 10. For each complete experiment run, the datasets is randomly

partitioned into training and test sets in the ratio 2:1 and with corresponding amount of

proportion from each class. That is the sample size of the training set is 203 (1i7 from

class '1' and 86 from class '2') and the sample size of the test set is 10i (58 from class

'1' and 43 from class '2'). The a priori class labels are used as the basis for the

computation of the estimated classification error rates for the minimization objective

function values, and the classification accuracies. To minimize over-fitting, for each
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training/test set dataset partition, the test set is independent of the training set and the test

set is used for the external cross-validation purposes.

5.2 Evaluationexperiments

Using a synthetic dataset, Zhang and Sun t53l empirically compare the

performance of the basic tabu-search-based feature selection technique with other feature

selection techniques such as SFS, SBS, GSFS, GSBS, plus-/-take-away-r, SFFS, SBFS,

and GA. The result of the comparison shows that the SFS and the SBS require the least

computational cost to obtain a solution (near-optimal feature subset), but these techniques

obtain solution with the worst quality in terms of the estimated error rate. On the other

hand, the tabu-search-based feature selection technique obtains better solutions than all

the other techniques using competitive amount of computational cost. These inferences

are used to set perforrnance thresholds for the comparison experiments in this thesis.

Using a practical biomedical dataset (described in Section 5.1 above), I compare

the performance of the newly presented multilevel feature selection technique with the

tabu-search-based feature selection technique, the SFS technique, and a random feature

selection technique. The implementation of the multilevel feature selection technique is

based on the empirical recommendations for the calibration of the technique as presented

in Chapter 4 above. The coarsening phase of the technique is based on the random

variable pre-setting strategy with a reduction factor of 3 and the number of levels is also

set at 3; the search phase generates a single solution to be improved upon during the

refinement phase; and in the refinement phase, the allocation of the refinement resources

is increased as the coarseness of the subspaces decreases across the hierarchical levels.

The configuration of the tabu search method underlying the multilevel feature selection
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technique and the tabu-search-based feature selection technique is based on the

recommendations in [53]. For the feature selection problem instance created by the

biomedical dataset in context, the tabu list size is set at 30, the neighbourhood candidate

list size is set at 100, and the initial solution is randomly selected based on a Gaussian

random number generator. The SFS technique is implemented as a deterministic greedy-

like method. The computational cost of this method is used as the upper limit of the

computational requirement for the other techniques. The random feature selection

technique simply evaluates the fitness of randomly selected feature subsets and the subset

having the best evaluation is considered as the near-optimal subset. This technique is

implemented to appraise any claims that the other feature selection techniques select

features purely based on probabilistic chances.

To provide a common basis for evaluating the examined feature selection

techniques, an equivalent amount of computational cost is assigned to each technique.

The computational cost is based on the number of times the objective function value is

computed in a complete run of each technique. For instance, the computational cost of the

SFS can be determined as follows: Given an original feature set F of cardinality L and the

cardinality of the desired near-optimal subset is m; the computational cost C of the SFS

technique is given as:

( r\ ( r-t\ ( r-m\C=l l+l l+...+l I

['] [1 , (r )

For the feature selection problem instance in context, L = 1500 and m =10, therefore, C =

16445. A fairly less amount of computational cost (C = 15000) is allocated to the other

feature selection techniques. For the multilevel feature selection technique, the

computational cost is shared amongst the refinement heuristics according to the
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implemented refinement option (i.e. increasing computational cost with decreasing

coarseness across the multilevel hierarchy). For the 3-level configuration of the

multilevel technique, 25basic iterations is assigned to the coarsest subspace; the next less

coarse subspace is assigned 50 basic iterations; and the least subspace is assigned 75

basic iterations. For each coarse subspace, the neighbourhood size of the refinement

heuristics (tabu search) is set at 100 and this implies that the computational cost per basic

iteration is 100. Therefore the total computational cost C for the multilevel feature

selection technique is given as:

c=251,100 + 50 x100 +75a 100 = 15000.

The computational cost that is derived by assigning 25 basic iterations to the coarsest

subspace is within the range of refinement resource allocation wherein over-fitting is less

likely to occur using the multilevel feature selection technique. As shown in figure 5.1

below, the classification error rate on independent test set begins to increase continually

when the number of basic iterations at the coarsest level is set at 35 and beyond.
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That is, using the near-optimal feature subset selected by the multilevel technique as the

underlying feature space in the design of a classifier, the classification performance

degrades due to over-fitting when the computational cost assigned to the multilevel

technique is 21000 (i.e. C = 35*100 + 70*100 + 105*100 = 21000) and above.

For the tabu-search-based feature selection technique, the number of basic

iterations is set at 150; therefore the total computational cost C is also given as:

C=i50*100=15000.

For the random feature selection technique, the discriminatory capability of 15000

randomly selected subsets is examined and the optimal subset is the subset having the

'best' fitness or evaluation. Therefore, the computational cost for this technique is also

15000.

Besides, some of the examined techniques (multilevel feature selection, tabu-

search-based feature selection, and random feature selection) have random components.

Examples of the random components are: the random selection of subsets in the random

feature selection; the random generation of the initial solution and the random selection

of candidate set of solutions from the neighbourhood in the tabu search method

underlying the tabu-search-based and multilevel feature selection; and the random

coarsening of the feature subspaces in the multilevel feature selection. To normalize the

randomness in these techniques, the complete run of these techniques are repeated on the

same dataset instance for a number of times that is predefined by a randomness factor.

The average of the evaluation parameters (i.e. the minimization objective function values,

the classification accuracies on the training dataset instances, and the classification

accuracies on the independent test dataset instances) is obtained and analysed for the
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evaluated feature selection techniques. The value of the randomness factor is set at 5 for

the experiments implemented in this thesis.

To establish a trend in the comparison of the evaluated feature selection

techniques, I perform the experiments on 10 randomly partitioned pairs of training and

test sets from the biomedical dataset in order to establish a trend in the evaluation results.

The evaluated techniques are implemented using Java 2 SDK Standard Edition version

I.4.2 on Microsoft Windows platform and the experiments are executed on Dell high

performance desktop (Pentium 4 CPU 3.00GH2, 1.00G8 of RAM) and IBM servers. The

code listing of the implementation is presented in Appendix A.

5.3 Experimental results and discussions

The results of the experiments are shown in the following tables and figures

(Table 5.1,5.2, and 5.3; and Figure 5.I,5.2, and 5.3). Table 5.la, b, c, d and Figure 5.1

compare the classification error rate values of the near-optimal subset selected by the

evaluated techniques; Table 5.2a, b, c, d and Figure 5.2 compare the training set

classification accuracies of a simple LDA classifier that is designed using the near-

optimal subsets selected by the evaluated techniques; and Table 5.3a,b, c, d and Figure

5.3 compare the test set classification accuracies of a simple LDA classifier that is

designed using the near-optimal subsets selected by the evaluated techniques.

Table 5.1a The classification error rate values for the mult¡level feature selection technique

D¡fferentdataset 1 2 3 4 5 6 7 a

instances / same
dataset instances CER CER CER CER CER CER CER CER

9 10

CER CER

1 o.o+q33s 0.0s91133 0.0640394 o.o6g965s o.os41l72 0.0492611 0.06996s5

2 o.oqgz611 0.0s41872 0.0492611 0-0788177 0.0492611 0.0s91133 o.os911o3

3 o.osgr13s 0.0s91r33 o.os41l7z 0.0640394 o.06a96ss 0.0492611 0.0s91133

4 o.oq+33s 0.0492611 o.o7BB177 0.069965s 0.0837438 o.os41l7z o.os41l7z
5 o.ozgss67 0.0394089 o.o7lg177 0.06896ss 0.0492611 0.0492611 0.0s91133

0.0591133 0.0689655 0.0640394

0.0492611 0.0541872 0.0492611

0.0640394 0.044335 0.0640394

0.0492611 0.0640394 0.0492611

0.0640394 0.0689655 0.0640394

Average 0.0453202 0.0522167 0.0650246 0.0699507 0.0610837 0.0522167 0.0600985 0.0571429 0.0600985 0.0581281

Average objective function value = 0.05813 Standard Deviation = I 0.00698
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Tabìe 5.1 b The classification error rate values for the tabu-search-based teature selection technique

68

D¡fferentdataset 1 2 3 4 5 6 7

¡nstances / same
dataset ¡nstances CER CER CER CER CER CER CER

o

CER

10

CER CER

0.0s9t133 0.0492611 0.0541872 0.0541872 0.0541872 0.044335 0.0591r33 0.0689655 0.0640394 0.0s91133

0.044335 0.0591133 0.0394089 0.0935961 0.0s41872 0.0492611 0.0591133 0.0492611 0.068965s 0.0640394

0.0394089 0.0640394 0.0541872 0.0640394 0.0788177 0.0541872 0.0738916 0.0591133 0.0640394 0.044335

0.0s91133 0.0541872 0.0492611 0.0837438 0.0788177 0.0541872 0.0591133 0.0541872 0.0541872 0.0541872

0.04433s 0.0541872 0.0492611 0.0738916 0.0640394 0.0689655 0.0788177 0.0492611 0.0541872 0.0541872

Average 0.0492611 0.0561576 0.0492611 0.0738916 0.0660099 0.0541872 0.0660099 0.0561576 0.0610837 0.0551724

Average object¡ve funct¡on value = 0.05872 Standard Deviation = t 0.00794

Table 5.1c The classiiication error rate values for the sequential forward selection techn¡que

1

2

4

5

Differentdataset 1 2 3 4

¡nstances / same
dataset instances CER CER CER CER

567

CER CER CER CER CER CER

10

1 o.oasz43g 0.0837438 o.o6896ss o.iol3744 0.0738916 0.0640394 0.08867 o.oglszzz o.o7BB177 0.0837438

2 o.oa3t43g o.og3z43g 0.06896s5 0.1083744 0.0738916 0.0640394 0.08867 o.o9*s22z o.oT*Bizz 0.0837438

3 o.oggz438 0.0837438 0.0689655 o:olg744 0.0738916 0.0640394 0.08867 os9gsz22 o.o7*B17z 0.0837438

4 o.oagz43g 0.0837438 0.068965s 0:083744 0.0738916 0.0640394 0.08867 o.o9qs22z o.o7lti77 0.0837438

5 o.oasz+aa o.oaez+ss o.oosgoss o.roegz44 o.ozggglo o.oo+o¡g+ o.oagoz o.ogaszzz o.ozealzz o.osgz¿ga

Average 0.0837438 0.0837438 0.0689655 0.1083744 0.0738916 0.0640394 0.08867 0.0585222 O.O7AA1T7 0.0837438

Average object¡ve function value = 0.08325 Standard Dev¡ation = t 0.01323

Table 5.1 d The class¡f¡cation error rate values for the random selection feature selection technique

10
Different dataset
instances / same
dataset instances CER CER CER CER CERCER CER CER CER CER

0.08867 0.0985222 0.0985222 0j083744 0.1034483 0.08867 0.1182266 0.0985222 0j083744 0.1034483

0.078a177 0.0985222 0.08867 0.1083744 0.1083744 0.08867 0.1133005 0.0985222 0.1083744 0.1083744

0.08867 0.0935961 0.1034483 0.1182266 0j083744 0.0837438 0.0985222 0.0985222 0.1034483 0.1034483

0.08867 0.0788177 0.0935961 0.1182266 0.0985222 0.0935961 0.1083744 0.0788177 0.0985222 0.1083744

0.0738916 0.0738916 0.08867 0.0985222 0.1133005 0.08867 0.1083744 0.1034483 0.1083744 0.1083744

Average 0.0837438 0.0886699 0.0945813 0.1103448 0.1064039 0.0886699 0.1093596 0.0955665 0.1054187 0.1064039

Average object¡ve function value = 0.09892 Standard Deviation = + 0.00980

Table 5.2a The classification accuracies for the multilevel feature selection technique on the training set

I

2

J

4

5

Differentdataset 1 2 3 4 5 6 7
instances / same
dataset ¡nstances CA CA CA CA CA CA CA

I I 10

CA CA CA

I

2

o

4

5

95.57"/. 94.09"/.

95.57"/. 95.07"/.

94.09% 94.097.

95.57% 95.07"/.

97.04"/" 96.55%

93.60% 93.10%

95.07% 92.12%

95.07% 93.60%

s2.61% 93.10%

92.12v" 93.10%

94.58V" 95.07v" 93.10%

95.07"/" 94.09v" 94.58%

93.10% 95.O7v" 94.09%

91.63% 94.58v" 94.58%

95.07y" 95.O7yo 94.09%

94.09% 93.10% 94.09"/"

95.07% 94.58"/" 95.07%

93.60% 95.57"/" 93.60%

95.07% 93.60% 95.07%

93.60% 93.10% 93.60%

s5.57"/" 94.94"/" 93.69% 93.89% 54.78v" 94.O9"/o 94.29% 93.99% 94.290/"93.00%Average

Average classif ication accwacf = 94,261o Standard Deviatìon = x 0.72ï" NB. CA = Classification accuracy
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Table 5.2b The class¡fication accuracies for the basic tabu search feature select¡on technique on the tra¡ning sel

69

Differentdataset 1 2 3 4 5 6 7 I
instances / same
J"ìr."iìn.tun.". CA CA CA CA CA CA CA CA

1 gq.ogy" gs.o7% gs.o7% s4.sï% 94.s8"/. 95.57"/" 94.s8"/" 93.10% 93.60% s4.09%

2 gs.stu g4.os"/" 96.55% 90.64% gs.s7./" 95.07"/" 94.09% 95.07% 93.10% 93.60%

3 go.ooz 93.60% 94.s8"/" 93.60% 92.12% 94.sgv" 92.61"/" 94.09% 93.60% 95.57%

4 g+.og"k g4.sï"k gs.o7"/" 91.63% 92.i2y" 94.58% 94.58"k 94.58"/" s4.58"/" s4.58%

5 gs.s7% g4.s}% gs.o7% s2.61"/" 9o.6oy" 93j0/" 92j2% 95.07"/' 94.58"/" 94.58"k

Ave¡age 95.O7Io 94.38I" 95.27"/" 92.617" 93.6O"h 94.58"/" 93.60"h 94.38o/" 93.A9!" 94'48T"

Averageclassificationaccuracy=94.19o/" StandardDeviation =L0.79o/"

Table 5.2c The class¡l¡cation accuracies for the sequent¡al forward feature selection technìque on the tra¡ning set

Diiferentdataset 1 2 3 4 5

instances / same
dataset instances CA CA CA CA CA

I 10

CA CA

6 7 I I 10

CA CA CA CA CA

1

2

o

4

91.63% 91.63%

91.63% 91.63%

91.63% 91.63%

91.63% 91.63%

93.10%

93.10%

93.10%

93.1 0%

93.100/.

90.64"/.

90.64%

90.64%

90.64%

91.13%

91 .1 3%

91.13%

91.13%

91.13%

92.127.

92.12%

92.12"/"

92.12"/"

92.12"/"

92.12"/.

92.12%

92.12"/.

92.12v.

92.12"/"

92.61% 93.60% 91 .13%

92.617" 93.60% 91.13"k

92.61% 93.60% 91 .13%

92.61% 9s.60% 91.13%

91.63% 91.63% eo.64"/" 92.61% 93.60% 91.1

90.64% 92-61"/" 93.60% 91.13v" 91.'13"/" 92.12"/" 92.12ï"Average 91.63% 91.63% 93.10%

Average classification accuracy = 91.97% Standard Deviation = t 0,93%

Table 5.2d The classification accuracies for the random feature selectìon technique on the training set

Differentdataset 1 2 3 4 5 6 7
instances / same
dataset instances CA CA CA CA CA CA CA

8 9 10

CA CA CA

1

2

J

4

5

91.63% 90.64% 90.64% 89.16% 90.15% 91.63% 89.66% 92.12% 89.66% 90.15%

s2.61% s0.64"/. 91.13% 89.66% 90.15% 91.63% 89.16% 91.13% 89.66% 89.16%

91.63% 50.64"/" 90.15% 88.18% 90.64% 92.12/" 90.64/" 90.64% 89.66% 89.66%

92j2% 92.61% s1 j9% 88.67"/" 90.647. 91 .13% 89.66% 92.12"/" 91 .63% 89.1 6%

e3.60% s2.61"/. 91.63% s1.13"/. 89.16% 92.12y" 89.66% 90.15% 89.16% 89.16%

Average 92.92"/0 91.43% gO.S4% 89.36% 90.15% 91.720h 90.15% 90.150/" 90.15% 89.46y"

Average classificat¡on accuracy = 90.5870 Standard Deviation = + 0.98%

Table S.3a The classification accuracies for the multilevel feature selection technique on the test set

Differentdataset 1 2 3 4 5
instances / same

678910
CA CA CA CA CACACACAdataset instances CA CA

a3t7y" 80.20% 84j6.k 88.12% 87.13"/" 83.17"/" 88.12"/" 84.16% 89.1 1% 83.17%

82.18"k 85.15% 84.16% 83.17% 89.11% 84.16% 83.17% 80.20% 85.15% 85.15%

81.19% 8s.15% 86.14% 82j8% 90.10% 84j6% 84.16% 89.11% 82.18% 86.14"/.

77.23% 84.16"/" 84.16% 93.07% 87.13% 83.17% 89.11% 82.18"/. 87.13% 84.16"/.

a6i4y" 87.13/. 83.17% 87.13% 83.17% 85.15% 82.18"/. 82.18% 84.16% 87.13%

81.98% 84.36% 84.96% 86.73yo 87.33y" 83.96% 8s.35% 83.56% 85.54ï" 85.15%

I

J

5

Average

Average Classification Accuracy = 84.83% Standard Deviatìon = t1'55To
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Table 5.3b The class¡fication accuracies for the basic tabu search feature selection technique on the test set

70

Differentdataset j 2 3 4 5
instances / same

6 7 I I 10

CA CA CA CA CACACAdataset instances CA

1

2

ó

4

5

88.12"/" 83.17% 87.13.k 88.12% 89.1 1% 83.17% 84.16% 77.23% 89.11% 85.15"/"

82.18% 88.12"/. 86.14% 78.22"k 84.16"k 84.16% 85.15" 78.22y" 86.14"/" 86.14"/.

82.18"/. 83.17% 85.15"/. 81.19"/" 90.10% 86.14% 87.13y" 82.18% 85.15% 83.17%

81.19% 81j9% 85.15% 77.23"/" 83.17y" 83.17% 87.13'/" 89.11% 81.19"/" A8.127.

a3.flo/" 83.17% 83.17% 85.15% 86.14% 83j7"k 83.17"/" 81.19% 89.11% 88.12%

Average 89.37"/" 89.76% 85.35% 81.98% 86.s3% 83.96% 85.35% 81.58% 86.14y" 86.140/"

Average class¡f ¡cat¡on accúacy = 84.42oh Standard Deviat¡on = t1.76"/"

Table 5.3c The classilication accuracies for the sequential forward feature selection technique on the test set

345678910
CA CA CA CA CA CA CA CA

Different dataset 1 z
¡nstances / same

CAdataset instances CA

1

2

ð

4

5

83.17"/" 83.17%

83.17"/" 83.17%

83.17v" 83.17"/"

83.17v" 83.17%

83.17y" 83.17"/"

84.16"/. 77.23%

84.16"/" 77.23%

84j61" 77.230/ô

84.16% 77.230k

84.16% 77.23'Â

86.14v" 80.20"/" 8s.15%

86.14% 80.20% 85.15%

86.14v" 80.20% 85.15%

86.14"/" 80.20v" 85.'t5"k

86.14.k 80.20% A5.15y.

a3.1770 86.14y" 86.14'k

83.17% 86j4'k 86.14%

83.17% 86.14'/" 86.14"/"

83.17% 86.14"/" 86.14"/"

83.17v" 86.14"/" 86.14'/"

Average 83-17o/" 83.17y" 84.16"/" 77.23"/" 86.14"/ A0.20v" 85.1s% 83.17% 86.14"h 86.14v"

Average classìficat¡on accuracY = 83.47o/o Standard Deviation = x 2.88Y"

Table 5.3d The classification accuracies for the random fealure selection technique on the test sel

Differentdataset 1 2 3 4 5 6
¡nstances / same
dataset instances CA CA CA CA CA CA

78910
CA CA CA CA

1

2

4

5

80.20% 81.'19% 89.11%

78-22/" 84.16v" 84.16%

84.16/" 83.171" 85.15%

76.24% 87.13% 84.16%

83.17"/" 84.16% 86.14y.

84.16v" 83j7v" 86.14"/" 87.13"/" 80.20% 81.19% 87.13%

81.19% A7is"k 81.19% 89.11% 74.26% 83.17"/" 85.15%

85.15% 92.08v" 85.15% 84j6v" 79.21"k 84.16% 83.17"/.

87.13"/. 87.13% 81.19% 83.171" 81.19% 83.17"/" 84.16"/"

86.14/" 87.13% 86.14"/. 86-14% 79.21'/" 83.17"/" 86.14"k

Average 80.40"/" 83.96% 85.74% 84.75"/" 87.33"/" 83.96% 8s.94% 78.810/" 82.97ï" 85.15%

Average classification accuracy = 83.90% Standard Deviation =t2.6o"h
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Figure 5.2 shows that the multilevel feature selection technique and the tabu-search-based

feature selection techniques consistently selects near-optimal subsets that are better in

terms of the minimization objective function values than the SFS and the random feature

selection techniques. Besides, Table 5.ia and b show that the average minimization

objective function value over the 10 dataset instances is better and more stable for the

multilevel feature selection technique (0.05813 t 0.00698) than for the tabu-search-based

technique (0.05872 + 0.00194). Moreover, by comparing the classification accuracies on

the training set (Table 5.2 and Figure 5.3), the evaluated techniques exhibit a

performance trend that is similar to the comparison of the minimization objective

function values described above.

Comparing the classification accuracies of the evaluated techniques on

independent test set instances (Table 5.3 and Figure 5.4), the following enumerates

evaluated techniques in the order of increasing average classification accuracy and

the

the

the
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stability of the selected solution: SFS (83.47% + 2.88Vo), random feature selection

technique (83.907o ! 2.60Vo), tabu-search-based feature selection technique (84.42Vo !

l.'/6Vo), and multilevel feature selection technique (84.83Vo + L557o).

Overall, the multilevel feature selection technique and the tabu-search-based feature

selection technique are outstandingly better techniques than the other evaluated feature

selection techniques, particularly for problem domains that are characterized with high

dimensionality and small sample size. Moreover, the multilevel technique demonstrates

better performance than the tabu-search-based technique in terms of the three evaluation

parameters (i.e. minimization objective function values, classification accuracy on

training set, and classification accuracy on independent test set). The outstanding

performance of the better techniques can be attributed to the exploration strategy of the

underlying search method for the techniques.

Moreover, using the GA-based feature selection technique presented in [33],

regions of features (i.e. ranges of consecutive features) are selected and used to classify

25 randomly partitioned pair of training set and independent test set instances from the

biomedical dataset used in the experiments described above. The average classification

accuracy on the training and test set that is derived using the GA technique is 89.60Vo +

2.127o and 84.90Vo + 3.22Vo respectively. As presented above, the average classification

accuracies of the multilevel feature selection technique (94.267o ! 0.l2%o and 84.83Vo +

1.55Vo) on the same biomedical dataset is higher (for the training set) and more stable

than the accuracies obtained using the GA technique.
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Chapter 6

Conclusions

Feature selection problem is an interesting and challenging optimization problem

that can be formulated as a 0-1 integer-programming problem. This research reviews

existing and presents a new technique for resolving feature selection problem in

application to biomedical datasets. This chapter presents a summary of the research and a

description ofthe future direction ofthe research as presented in this thesis.

6.1 Summary of the research

The inherent characteristics of biomedical datasets (i.e. small sample size and high

dimensionality) and the existence of different forms of these datasets pose challenges that

make the feature selection problem in biomedical datasets particularly difficult. This

research reviews existing feature selection techniques and investigates the application of

some of these techniques (SFS, random feature selection, and tabu search feature

selection) on practical biomedical datasets. More importantly, this research presents a

new feature selection technique (i.e. multilevel feature selection) that is based on the

multilevel search method. The performance of the new technique is influenced by

calibration parameters such as the number of levels in the multilevel hierarchy, the

reduction factor, the coarsening, search, and refinement strategies. The 'best' values of

these calibration parameters are determined empirically.

The performance of the multilevel feature selection technique is evaluated in

terms of the classification accuracies on training and test dataset instances of a simple

LDA classifier that is designed based on the result of the feature selection technique.
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Similarly, the performance of some existing feature selection techniques (SFS, random

feature selection, and tabu search feature selection) is evaluated using equivalent amount

of computational cost and the same dataset instances. The performance of the multilevel

feature selection technique is compared with the existing feature selection techniques.

The multilevel technique generates higher and more stable average classification

accuracies on the training and test dataset instances than the other evaluated feature

selection techniques.

6.2 Future work

In the present design of the multilevel feature selection technique, all the possible

coarsening strategies have not been investigated. This research can be extended by

exhaustively investigating the other coarsening options, since the capability of adapting

the technique to different forms of biomedical datasets depends on the coarsening phase.

Besides, the newly presented multilevel feature selection technique is based on

the simple V-cycle multilevel paradigm. An enhanced version of this technique can be

developed using the multilevel cooperative search method 134,471that combines parallel

multiple instances of the V-cycle multilevel methods that exchange search space

exploration information in order to derive an overall enhanced search result. In future

research work, the enhanced version of the multilevel feature selection technique will be

designed and developed. The enhanced version can be used to resolve the feature

selection problem formulation in (2) above. The result of the enhanced version can be

used to identify biomarkers in biomedical datasets.
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Appendix A. Code Listing of the
Multilevel Festure Selection Algorithm

The following is the code listing for the implementation of the newly presented

multilevel feature selection technique and the other existing feature selection techniques

that are evaluated in this thesis.

* basicTabuSearch. j ava
* Implements the basic tabu search module
* @author Idowu olayinka oduntan
* @version Àugust, 2005

import java.lang.*;

public cl-ass basicTabuSearch
{

public int IJ tabuFinalSoÌution;
publíc float tabuFinalValue;
public int basj-cTabuCost = 0;

// Declare object variables
parameter localParamObj ;

localoptimum localoptimumObj ;

initialSolutionManager initialSolutionobj ;

/ / Declare other varj-abfes
int [] initialSolution,'
int solutionSize, startDimension, endDimension;
int l-ocafNoOf Iterations, IocalNoOf TabuI teration, IocalNoOf Levels,
local-Reduct ionFactor ;

int locafNeighborhoodSize ;
int neíghborhoodf ncrement i
String datasetTlpe = 'rtrainrr;

public basicTabuSearch (parameter paramobj )

{
/ / create object instance of required classes
f ocalParamobj = ParamObj,'
starlDimension = l-ocalParamObj . startDimension;
endDimension = local-ParamObj . endDimension;
sol-utionSize = l-ocalParamobj . f inafSolutionSize ;

locafNooflterations = focafParamobj .noOffterations ;

l-ocalNoOflevel-s = loca]ParamObj .noOfl,evels;
localNeighborhoodsize = localParamObj .neíghborhoodSize;
l-ocafReductionFactor = localParamObj . reductionFactor;
initialSolutionObj = new init ialsolutionManager ( startDimension,
endDlmension, so]utionSize) ;

/ /neríve the equivalent number of iterations for basic tabu search
localNoOfTabufterat.ion = localNooflterations *
( local-NoOf Levels * ( localNoOf Level-s +1 ) /2 ) ;
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public void f indTabuSearchSolution ( )

{

/ /Set yne number of iterations of the local optimum search for the
basic Labu search.
localParamobj . setNoof It.erations ( focal-NoofTabulteration) ;

IocalParamobj . setNeighborhoodSize ( locafNeighborhoodSize) ;

localoptimumobj = new localoptimum(localParamobj) ;

/ /Generate initial solutíon for the basic tabu search'
initial-Solution =
(inL tl ) inirialsolutionobj . starterlnitiafSolution( ) .clone O ;

/ /Find. the optimal solution for the initial solution by calling
localOPtimum
LabuFinafSolution =
(int tJ ) tocalOptj-mumObj . tocalOptimumSearch (initialsolution) . clone ( )

;
tabuFinal-Vafue = localOptimumObj . localOptimumValue;
basicTabuCost = localOptimumObj . computationCounter;
Iocal-Paramobj . reseLNoOf Iterations ( ) ;
l-ocafParamobj . resetNeighborhoodSize ( ) ;

)

I -----end of basicTabusearch.java---

* Cfassifier.java
* Implements the simple LDÀ classifier-
* @author ldowu Olayinka Oduntan
* @version August 2005

public class Classifier
{

/ / DecLare the variables
int ÌocalsolutionSize, focal-NoOfItems;
int tl local-DataIndexÄ, locaIDataIndexB, localoptimalSubset,
actualCf assLabels, t.rainActualClasslabel- s, clas s i f iedClassLabel s,
trainCl-as s i f iedCf assLabel s, IocalClas sLabe I s ;
float [] l-ocal-MeanVectorA, focal-MeanvectorB, l-ocalDataVector¿
trainlocafDatavector, consLantvector, constantVector2 ¡

float [] diffMeanvector;
float [] sumMeanvector;
float tl tl locaÌDatasetA, locaIDatasetB, locafCovarianceA,
l-ocalCovarianceB, locallnverseCovariance, IocalTestDataset,
local-TrainDataset ,'

ffoat tempMahal-anobis, referenceVal-ue, classif icationValue,
trainClass i f icat ionvalue. class i f icat iorrAccuracy,
trainCl-ass i f icat ionÀccuracY;
dataClass dataObject;
matrix matrixObj;
parameter paramobj;
printClass printObj;
obj ectiveFunction functionObj,'

public Ctassifj-er (int tl optimalsubset, parameter local-ParamObj )

{
// create instances of required cl-ass objects.
paramobj = focal-ParamObj ;
maLrixObj = new mat.rix0 ;

functionObj = new objectiveFunction(paramobj ) ;

11
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Printobj = new Printcl-ass O t

/ / inítialize generi-c variables.
localOptimalsubset = (int IJ )optimalsubset.cloneO ;

local-So]utionSize = localoptimalSubset. lengLh;
localClasslabef s = paramObj . gJ-obalClassl,abel ;

trainCl-assifier ( ) ;
testcfassifier ( ) ;

Ì

public void LrainCÌassifj-er ( )

{
/ / Assígn data indexes for the training set.
IocalDatalndex-A, = (int [] )paramObj .globalTrainDaLalndexÄ.clone O ;
locafDatalndexB = (inL [] )paramObj .global-TrainDatalndexB.clone O ;

/ / nssign dataset values for the training set for currenL optimal
sol-uLion
focalDatasetA = new
f loat IlocalDataIndexA. IengthJ IfocalSolutionSize] ;

IocalDatasetB = new
f foat IlocalDatalndexB. length] [loca]-SolutionSizel ;

int tempDat.acounter = 0;
local-TrainDataset = ne\d fl-oat [loca]-DataÏndexA. length +

]ocalData IndexB . lengthl I loca ISolut ionS ize ] ;

/ / cLass label-s for the cfassification of train set
trainÀctuafClasslabels = new int []-ocal-DatafndexA.lengLh +

localDatalndexB. lengthl ;

trainClassifíedClasslabefs = new ínt []-ocafoatalndexA.length +

Iocal-DataTndexB . lengthl ;

for(int i=O; i<IocalDatalndexA.length; i++)
{

trainActualClassLabels ItempDataCounter]
localCl-asslabel-s IfocalDaLafndexÄ [i] I ;

for(int j=o; j<local-solutionSize' j++)
{

focalDaLaseta til tj l
paramObj . globalDataset IlocalDataIndexÄ [i] I []ocaloptim
afSubsettjl-r-lt
localTrainDataset ItempDatacounter] [ j ]
paramObj . globalDataset []-ocalDataIndexA Ii] I Ilocaloptim
afsubset tj I -rl ;

)
tempDataCounter++ ;

)

for (int i=0; iclocal-DatafndexB. length; i++)
{

trainÀctual-Clas slabeI s I tempDataCounter]
localClasslabel-s IlocafDatarndexB Ii] I ;
for(int j=o; j<Iocal-SolutionSize; j++)
{

local-DatasetBtil ijl
paramObj . globatDataset IlocafDataIndexB Ii] I Ilocaloptim
alsubset ¡i 1 -rl ;
focalTrainDataseL ItempDatacounter] [j ]
paramObj . globaIDataSet []-ocalDatalndexB Iiì ì [IocalOptim
al-Subsettjl-ll;

)
tempDataCounter++ ;
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)

Iocal-MeanVectorA =
( f loat [] ) ( functionObj . computeMeanvector ( localDatasetA) ) . clone ( ) ;
localMeanVectorB =
( f loat [] ) ( functionObj . computeMeanvector ( local-DatasetB) ) . clone ( ) ;

local-CovarianceA =
(ffoat [] [] ) (functj-onObj . computecovariance (focalDatasetÀ,
local-MeanvectorÀ) ) . clone ( ) ;
focalCovarianceB =
(ftoat [] [] ) (functionobj .computecovariance (focal-DatasetB.
localMeanVectorB) ) .cIone ( ) ;

locallnversecovariance =
(float [] [] ) functionObj . computefnversespooledCovariance (localCovari
anceA, localDatasetA.Iength. locafCovarianceB,
local-DatasetB. length) . clone ( ) ;

surMeanvector = (float [] ) (matrixobj .addvector (localMeanvectorA,
localMeanVectorB) ) . clone ( ) ;
diffMeanVector =
(float [] ) (matrixObj . subtractvector (localMeanvectorA,
l-ocal-MeanvectorB) ) . clone ( ) ;

constantrvector =
( f loat [ ] ) matrixob j . vecLorMatrixMult iply ( di f f Meanvector,
local-Inversecovariance) . cl-one O ;

ref erenceval-ue = 0 .5f *
matrixObj . vectorvectorMuttiply ( constantvector, sufiMeanvector) ;

/ / cLassify the train set
for(int i=0,' i<tempDatacounter; i++)
{

trainlocalDatavector =
(float [] ) localTrainDataset Ii] . clone ( ) ;
trainCfassif icationVal-ue = matrixobj .vectorvecLorMultiply
(consLanLvector. trainlocalDatavector) ;

if (trainCtassif icationvalue >= referenceValue)
trainClassifiedClassl,abels Ii] = 1;

else if (trainClassificationValue < referenceValue)
trainClassÍfiedClassl,abels Ii] = 2 i

]
trainClassif icatiorÄccuracy =
c Iass ifierAccuracy ( trairÀctuafClassLabel-s ,

trainCl-assif iedClassLabef s ) ;

]

public void testClassifier ( )

{
int datacounter = 0;

// assign the t.est dataset indexes and declare class l-abel entries
for the test set.
IocalDatalndexA = (int [ )paramObj .gl-obalTestDatalndexA.cfone () ;

local-DaLaIndexB = (int [] )paramObj .globalTestDatalndexB.clone O ;

/ / sor the cl-assification of the test set
actualClasslabels = new int Iloca1DatalndexA.length +

l-ocalDataIndexB . lengthJ ;
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ctassifiedClasslabels = new int []-ocalDatafndexÀ.length +

f ocal-DataTndexB . lengthì ;

local-TestDataset = new fl-oat IfocalDatalndexA.length +

ÌocalDataIndexB. lengthl IlocalSo]-utionSizel ;

for(int i=0; iclocalDatalndexA.length; i++)
{

actuaf Cl-assLabel s IdaLaCounter]
localClasslabels IfocalDatalndexÀ [i] I ;
for(int j=0; j<localsolutionSize; j++)

localTestDataset IdataCounter] [j ]

paramObj . globalDataset IlocalDatalndexÀ [i] I IlocalOptim
alsubset ¡r 1 -rì ;
dataCounLer++;

)

for(int i=O; icfocalDatafndexB.length; i++)
{

actualClassLabels Idatacounter]
localClasslabel-s IlocalDatafndexB Ii] I ;

for(int j=0; jclocal-solutionSize' j++)
IocalTestDataset IdataCounter] [ j ]
paramobj . globalDataSet Iloca]DatalndexB Ii] I []ocaloptim
al-Subset tjl -rl;

dataCounter++;
]

f or (int i=0; icdataCounter,' i++)
{

locafDataVector = (float [] ) locatTestDataset. Ii] . clone ( ) ;

cfassif icationVafue = matrixObj .vectorvectorMultiply
(constantVector, IocalDatavector) ;

if (classificationVafue >= referenceVal-ue)
cl-assifiedClasslabefs Ii] = Ii

else if (cl-assificationVal-ue < referenceValue)
classifiedCÌasslabels[í] = 2;

)

class if icat ionAccuracY = cf as s if ierAccuracy ( actuaf Cl-as slabels,
classif iedClasslabels ) ;

]

public float cl-assifierAccuracy(int[] actualseLlabels, int[]
classifiedSetLabels )

{
int accuracYCounter = 0;
for(int i=O; icactual-SetLabels.length; i++)
{

if (actualSeLLabels Ii] ==g1¿stifiedSeLlabels Ii] )

accuracycounter++ ;

)

return (accuracyCounter * 1OO.0f) /actualseLlabels.length,'

)

I - - -End of ctassifier. j ava-

* coarser. j ava
* This class generates a l-ess coarse feature space from a given feature space
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* @author Idowu Olayinka Oduntan
* @version August 2005

import java. J-ang.Math;
public class coarser
{

int [] leveJ-SubSpaces;
inL [] coarseSubSpace;
int tl [] subSpaceParLitions;
int tl tl fealuresubspacePartitions;
int tl tl newFeatureSpaceswithcomponents;
int
int
int
int

tl coarseSubspaceElement;
remainderPart i t ion;
part ialSolut ion;
f ocalGivenSoi-ut ionSpace ;

int local-Nooflevels, locafNoOfPartition, localDimension,
l-ocalReduct ionFactor, local- Part itionsof ut ionS i ze,
local-NoOfPartialSol-utions, templocalSofutionSize;
int focalCfusterWindow, l-ocafTempDaLasetSize ;

String localPartitionTlpe ;
parameter paramobj;
initialsolutionManager initialSolutionObj ;

coarser (paramet.er givenParamobj )

{
/ /Ir'ítíaIízes Ìocal input parameters: givenFeaturespcace,
noOf Partitions, withinPartitionsearchParameters,
paramObj = givenParamObj;
l-ocalReductionFactor = paramObj . reductionFacLor;
templocalsofutionSize = paramobj . solutionSize ;

local-NoOflevels = paramObj .noOflevels;
localNoOfPartition = paramObj . noOfPartitions ;

focalPartiLionTl¡pe = paramObj .partitionType;
focalPartiLionSofutionSize = paramObj . solutionSize *
Iocaf Reduct ionFactor ;
local-ClusterWindow = paramObj . cl-usterülindow;
featuresubspacePartitions = new int Iloca]-NoOflevelsl [] ;

]

public void randomcoarsen(int [] givenSolutionSpace)
{

featureSubspacePartitions [0] = (int IJ ) givenSolutionSpace. clone ( ) ;

int [] l-ocal-sofutionSpace = (int [] )givenSolutionSpace. clone O ,'

int [] tempSolutionl,ist, tempsol-utionÏ,ist2;
inL ]evelSolutionSize ;

for(int j=f ; j<localNoofLevel-s; j++)
{

level-SofutionSize =
focalsolut ionSpace . length/ local-Reduct ionFactor;
tempSolutionlist = (int [] ) localsolutionSpace. cl-one ( ) ;
tempsolutionlist2 = new int llevelSolutionSizel ;

for (int i=0; i<locaf Sol-utionspace.length,' i++)
{

inL randoml = (int) (((localsolutionSpace.length - i)*
Ivlath.randomO) + í);
int templ = tempsofutionlist Irandoml] ;

tempsolutionlist Irandoml] =tempSolutíonl,ist Ii] ;

tempSolutionlist Ii] = templ;
)
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{
tempSolutionl,ist2 [k] = tempSolutionlist [k] ;

]
f eatureSubspacePart itions I j J

( int [] ) tempSolutionlist2 . clone ( ) ;

localsolutionSpace = (int Il ) tempSolutionlist2 . c]-one O ;
)

)

pubJ-ic int [] partitionFeaturespace (int [] givenSolutionSpace)
{

/ /Yor block or fixed partitioning
localDimension = givensolutionSpace. Iength;
local-GivenSolutionSpace = (int [] ) givenSolutionspace.cloneO,'
l-ocalNoof Partialsolutions = locafDimension/ (localReductionFactor *

localNoOfPartition * localPartitionSol-utionSize) ;

int featurecounter=O ; / /Assign value feature counter
int [] newSolutionSpace;
int feaLureSubspaceSize = localDimension/locaINoOfPartition,'
int f eatureSubspaceRemainder = l-ocalDimension%ÌocaINoOf Part it ion ;

featureSubspacePartitions = neu/ int IlocafNoOfPartiLion-
1l IfeatureSubspaceSize] ;
remainderPartition = new int IfeatureSubspaceSize +

f eatureSubspaceRemainder l,'

// /*set parameter object to refl-ect partition values*/
paramOb j . setsolut ionS i ze ( f ocalPart iL ionSof ut ionS i ze ) ;
paramObj . setTabulistsize (featureSubspaceSíze / 2) ;
paramobj . setNeighborhoodSize (featureSubspaceSize) ;

/ / IrliLíalize the sol-ution holder variabfe
int [] tempDimension = new j-nt IlocalDimension] ;

for(int i=0; icfocafDimensj-on; i++)
{

tempDimension Ii] = localGivenSolutionspace Iil ;

)

if (l-ocal-PartitionType. equals ( "random" ) )

{
for (int i=0; i<localDimension; i++)
{

int r = (int) (((localDimension-1)* Math.randomO) +

i);
int Lemp = tempDimension [r] ;

tempDimension Ir] =tempDimensíon Ii] ;

tempDimension[i] = temp;
)

)

for(int i=0; iclocalNoOfPartition-1-; i++)
{

for(int j=o; j<featuresubspaceSize; j++)
{

featureSubspacePartitions tf l t j l
tempDimens ion I f eatureCounter] ;

featureCounter++ ;

)

for(int j=0; jcfeatureSubspaceSize + featureSubspaceRemainder;
j++)
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remainderPartitionIj] = tempDimensionIfeatureCounter] ;

featureCounter++ ;

)

coarseSubspace = (int tl )coarsenSubSpacesO .cloneO ;

paramObj . resetsolutionSize ( ) ;
paramObj . resetTabul,istSize ( ) ;
paramobj . resetNeighborhoodSize ( ),'
return coarseSubSpace;

)

public int IJ coarsenSubspaces o
{

//Assigns value to partitionsubspaces [] [] ;

int
int
int

I remainderPartial-Sol-ution = new
localPartitionSolutionSizel ;

I tempPartialSolution;
int il tl feaLurepartitionsofutions = new int Iloca]-NoOfPartitionl [] ;

int partialSolutionCount.er = 0;
inL solutionCount.er = 0;
boolean partialsofutj-onTester = faÌse,'
int [] local-CoarseSubSpace = new
int IlocafNoofPartition*localPartitionsolutionSize] ;

for(int Í =0; i<localNoOfPartition; i++)
{

if ( i==IocalNoOf Part ition- I )

{
for(ínt j=o; j<locafNoofPartialSofutions; j++)
{
initialSolutionObj = new
init ialSol-utionManager ( remainderPart it ion,
f ocalPart itionSolutionSi ze ) ;
locatOptimum localoptimumobj = new J-ocalOptimum(paramobj,
remainderPartition) ;
int [] initialSolution =
(int [] ) initialsolutionobj . starterlnÍtialSofution ( ) . clone ( ) ;
tempPartialSolution =
(int tl ) localoptimumObj . tocalopLimumsearch ( initialSofution) .

clone ( ) ;
if (j>o)
{

for (int m=0; m<tempPartialsol-ution. length; m++)

{
for (int k=0; kcfeaturePartitionSolutions Ii] . length;
k++ )

{
if (tempPartialsolution [m] ==featurePartitíonSolutions iil tkl )

partialSoluLionTester = true,'

i f (part ial-Sol-utionTester==f al-se )

f eaturePartit ionSol-ut ions I i ] [ f eaturePartit ionSolutions I i ] . l
engthl = tempPartialSolut.ion[m],'
partialSolutionTester = false,'
)
)

else
{
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f eaturePartitionSolut ions Ii]
(1nt [] ) tempPartial-Solution. cl-one ( ) ;
)

]
)

el- se
{
for(int j=o; j<localNoofPartiafSolutions; j++)
{
initialSolutionObj = new
ini t ialSolut ionManager ( f eatureSubspacePart it ions I i ],
localParL it ionSoluL ionSize ) ;
ÌocalOptimum localOptimumObj = netd locaì-Optimum(paramObj,
featureSubspacePart.itions Ii] ) ;
int [] inítialSolution =
(int tl ) initialsolutionobj . starterlnitialSolution ( ) . clone ( ) ;
tempPartialSolution =
( j-nt tl ) localopt imumobj . localoptimumsearch ( init ialSolution) .

cl-one O ;
if (j >o)

{
for(int m=0; mctempPartialsolution.Iength; m++)

t
for(inL k=O; kcfeaturePartitionSolutions Ii] .length; k++)

{
if (tempPartial-Solution [m] ==featurePartitionSolutions til tkl )

{
partialSolutionTester = true,'
Ì
)
if (partialsolut ionTester==f al-se )

feaLurePartitionSolutions Ii] [featurePartitionSolutions Ii] . f
engthl = tempPartialSolution[m] ;
partialSo]utionTester = false;
)
)
el se
{
f eaturePartitionSolutions I i]
(int [] ) tempPartiafsolution.cloneO ;

)

for(int i =0; iclocalNoofPartition-1; i++)
{
for (int j =0; j <localPartitionSolutionSize,' j ++)

{
local-CoarseSubSpace I so]ut ionCounterl
f eaturePartit j-onSol-utions til t j I ;

sofut ionCounter++ ;

]
)

for(int j=0; jclocalPartitionsolutionSize; j++)
{

IocalCoarseSubSpace IsolutionCounter] =
remainderPartial-Solution Ij J ;
solutionCounter++ i
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)
return l-ocalCoarseSubSpace,'

]
publi-c void clusterConLiguouscoarse (int [] givenFeatureSpace)
{

newFeaturespacesWithcomponents = new int IlocafNooflevels] [] ;
newFeaturespacesWithComponents [ 0 I
( int tl ) givenFeaturespace. cl-one ( ) ;

featureSubspacePartitions IO] = (int [] ) givenFeaturespace. cfone ( ) ;
int tl tempGi-venFeaturespace = (int [] ) givenFeat.ureSpace. clone O ;

for (int i=1; i<localNooflevels; i++)
{
int feaLurecounter = 0;
int featurecomponentCounter = 0;
int newFeaturespaceDimensional i-ty;
i f ( tempGivenFeaturespace . ÌengthZ;local-ClusterWindow> 0 )

{
newFeatureSpaceDimens ional ity =
tempGivenFeaturespace . length/ local-Cl-usterWindow+ 1 ;

)
else
{
newFeatureSpaceDimensional ity =

LempGivenFeaturespace . length/ locaf ClusLerWindow ;

]
int [] newFeaturespace = new int [newFeaturespaceDimensionality] ;

int [] tempNewFeaturespacesWithComponenLs = new
int InewFeaturespaceDimensiona]-ity+tempGivenFeaturespace . lengLhJ ;
System.out.println("Length of new featurespace with components
" +tempNewFeaturespaceswithcomponents . length) ;

for(int j=0; j<newFeatureSpaceDímensionality; j++)
{
int featureCounter_2 = 0;
int tempNewFeature = 0;
for(int k=0; k<locafcl-usterwindow; k++)
{
i f ( f eatureCounter<tempcivenFeatureSpace . length)
t
featureCoutlXer-2++ ì
LempNewFeature = tempNev/Feature +

tempcivenFeaturespace If eatureCounter],'
featureCounLer++ ;

)
el se
break;
]
newFeaturespace Ij J = tempNewFeature/featureCounter-2 ;

t empNewFeaturespacesWithComponent s I f eatureComponentCount er ]

newFeaLureSpace Ij I ;
f eatureComponent Counter+ + ;
int tempCounter = featureCounter_2;
f or ( int m=f eaturecomponentCounter ;

m< f eatureComponent Counter+ f eaturecount er_2,' m+ + )

{
t empNewFeaturespacesVli thComponent s Im]
tempGivenFeaturespace IfeatureCounter - tempCounter] ;

tempcounter- - t
]
featureComponentCounter = featureComponentCounter +

featureCoun|Ler _2 ;

)
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tempGivenFeaturespace = (int tl )newFeaLurespace.cloneO ;

featureSubspacePartitions Ii] = (int [] ) newFeaturespace. clone ( ) ;

newFeatureSpacesWithComponents I i J

( int IJ ) tempNewFeatureSpacesWithComponents . clone ( ) ;
)

)

public void cLusterUncontiguousCoarse (int il givenFeatureSpace)
{

featureSubspacePartitions [0] = (int [] ) givenFeaturespace. clone ( ) ;
int [] LempGivenFeatureSpacs = (int [] )givenreatureSpace.clone();

)

public void biasedCoarser(int tl givenFeatureSpace)
{

featuresubspacePartitions [0] = (int [] ) givenfeaturespace. clone ( ) ;

int [] tempcivenFeaturespacs = (int [] )givenFeaLurespace.cloneO ;

int [] tempSolution = new int ltemplocafSoÌutionSize] ;

for ( int i=1; iclocalNoOflevels; i++)
{
int newTempFeaturespaceSize =
tempcivenFeatureSpace . length/ localReducL ionFactor ;

int l-ocalWithinNoOflteraLion =
newTempFeaturespacesize/ tempLocalsol-ut ionS i ze ;
int [] newTempFeaturespace = new int fnewTempFeaturespaceSize] ;

int [] newTempFeatureSpace2;
int. [] rankedFeatureSpacel;
int [] rankedFeatureSpace;
int newSpaceSolutioncounter =0;
int sameSofutionCounter = 0;
bool-ean solutionltemFlag = false;
rankFeatureSubset rankobj = new rankFeaturesubset(paramObj,
tempGivenFeatureSpace ) ;
rankedFeaturespacel = (int IJ ) rankObj.rankingSubsetO .cloneO ;

rankedFeaturespace = (int il ) rankObj .rankedSubspace.cfone () ;

for(int j=0; j<newTempFeaturespaceSize; j++)
{
newTempFeatureSpace I j I

rankedFeatureSpace IrankedFeatureSpace. Iength-1- j ] t

]

feaLureSubspacePartitions Ii] = (int IJ ) newTempFeaturespace. cfone ( ) ;
tempGivenFeaturespacs = (int IJ ) newTempFeatureSpace. clone ( ) ;
)

]

I --- End of coarser.java -

* dataClass. java

* Java cl-ass that reads the header and data content of the given dataset file
* Partitions the data by stratification in the ratio 2:7- for train and test

set respectively.
* @author ldowu Olayinka Oduntan
* @version August 2005

import java. io.Buf feredReader,'
import j ava. io. FileReader,'
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import j ava. util . StringTokenizer ¡

public class datacl-ass
{

/ / Declare variabfes
publi-c ínt noofHeaderlines,'
public int noOfHeaderParameters;
public int noOfSamples;
public int noofDimensj-on,'
public int noOfTrainSamples; // = tZS;
public int noOfClasses; //=2;
public int classATraincounter=Ot
public int classBTrainCounter=O ;
public int classATestcounter=O ;
public inL cl-assBTestcounter=0;
public int testcounter,'
public int trainCounter,'
public int label-CounLer,'
public int zeroClasscounter,'
public Buf feredReader dataSetFile ;
public String defimitChars, dataFileName;
public int I datasetParameters,'
public String partitionType;

public int il trainDatalndex;
public int I testDatalndex,'
public int IJ trainDatalndexA;
public int il trainDatalndexBi
public int U testDatafndexA;
public Ínt IJ testDatalndexBt

public intlJ classlabef;
public int [] nonZerolabellndex;
public float[] [] dataSet;
publíc float[] [] trainClassADataset;
public float [] [] trainclassBDataSeL;
public float [] [] testClass.AÐataset;
public ftoat [] [] tesLclassBDataSet;
public String [] sampleEntities ;
public parameter paramObj ;

/ / instanxiate dataclass object and get globa1 parameters from paramObj
public daLaClass (parameter givenParamobj ) / / (ínt noofHeader, int
noOfHeaderParam, inl samplesNo, int traj-nsampl-eNo. int noOfDimesionality,
int cl-assesNo. String delimiters. String fileName)
t

paramObj = givenParamObj;
noOfHeaderlines = paramObj .noofHeaderlines;
noOfHeaderParameters = paramObj . noOfHeaderParameters,'
noofsampfes = paramObj .noOfSamples ;
noofDimension = paramObj .noofDimension;
noofclasses = paramObj .noOfClasses;
datasetParameters = new int [noOfHeaderParameters] ;

dataset = nehr fLoat lnoOfSamples] lnoOfDimension];
sampleEntities = new String [noOfSamplesJ;
classI,abel = neri¡ int [noOfSamp1esl ;
delimitchars = paramobj .delimiterChar;
dataFileName = paramObj .dataFile;
partitionType = paramobj .partitionType;
readData O ,'

parLiLionDataset ( ) ;
setDatavariables ( ) ;
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)

public void readHeadero
{

String dataSetlines,'
Buf f eredReader dataSetFile ;

StringTokenizer parameterString ;
Fil-eReader dataFil-e ;
Lry
{

dataFile = new FifeReader (dataFileName);
datasetFile = new BufferedReader(dataFil-e) ;
for (int i=0; icnoOfHeaderlines; i++)
{

ì nl- i =ñ .

dataSetlines = datasetFile. readline O ;
parameterstring = new StringTokenizer (dataSetlines,
delimitChars. false);
whil-e (jcnoOfHeaderParameters)
{
if (parameterString.hasMoreTokens ( ) ==false)
break,'

dataSetParameters Ij ] =Tnteger. parselnt (parameterString. nextToken ( ) ) ;
j**;
)
)
dataSetFile. close O ;
dataFile. cl-ose O ;

]

catch (Exception e0)
{
System.out.println("Datafile is not availabl-e... ! - One");
)

)

public void readData o
{

String dataSetl-ines;
Buf feredReader dataSetFile ;
StringTokeni zer parameterString,.
try
{

dataSetFile = ne\Á/ BufferedReader (new Fil-eReader(dataFifeName) ) ;
for (int i=l; i<=noOfHeaderlines; i++)
dataSetlines = datasetFife.readlineO ;
for (int i=0; i<noOfSamples; i++) // por each sample, read a line to et

the feature vafues and class label
{

int j=ot
datasetlines = datasetFile.readlineO ;
parameterstring = new StríngTokenizer (dataSetlines, del-imitChars,

false) ;
if (parameterString. hasMoreTokens ( ) ==true)
{
sampleEntities Ii] = parameterstríng.nextTokenO ;
while (j<noOfDimension) // nead feature val-ues
{
if (parameterString. hasMoreTokens ( ) ==false)
break;
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dataSet t il t j I =Float . parseFJ-oat (parameterstring. next.Token ( ) ) ;
j **;
]
if (j==noOfDimension) // Read sample's class label
classlabel- [i] = Integer.parselnt (parameterString.nextToken ( ) ) ;
)
)
dataSetFil-e. cLose O ;

]
catch (Exception e0)
{
System.out.printfn (e0.getMessage O ) ;

System.out.println("Datafile file is noL avail-able... l - Two");
)
)
public void partitionDatasetO // Part-ítion dataset into train and
Lest sets
{

int counterO = 0;
int counterA = 0,-

int counterB = 0;

/ / Oet the no of items with reaf class label-s A or B and unreal class
l-abel 0

for(int i =0; icclassLabel.length; Í++)
{

if (cfasslabel Ii] ==0)
counter0++;

if (classl,abel Ii] ==1)
counterA++,'

if (classlabel Ii] ==2)
counterB++,'

]
int [] classAlndex = new int lcounterA] ;
int tl classBlndex = new int [counterB] ;
int classÃ.Counter = 0t
int classBcounter = 0;
for(int i =0; icclassLabef.length; i++)
{

if (class]-abel Ii] ==1)
{

cl-assAlndexIc]-assACounterl = i;
cl-assAcounter++ ,'

]
if (classlabet Ii] ==2)
{
cl-assBlndexIcfassBCounter] = í;
clas sBcounter+ + ;

)

)
System.out.printfn ('rClassÀcounter: "+classAfndex. length) ;

System. out.printfn ( I'Cl-assBcounter : r' +classBIndex. length) ;

// oetermine the number of samples from each class that constitute the
training set - stratification

float tempA = (2t/3f) *classACounter;
fl-oat tempB = (2f/3f) *classBCounter;
int noofClassAtrainSamples = Math.round(tempA) ;
int noOfClassBtrainsampJ-es = Math.round(tempB) ;
noOfTrainSampJ-es = noOfClassÀtrainsampl-es + noofclassBtrainSamp1es,'
trainDatafndex = new int [noOfTrainSamplesJ ;

testDatalndex = new int IcfassÄCounter + c]-assBCounter -
noOfTrainSampl-esl ;
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if (partitionT)æe. equals ( "randomr') ) / / vartítion dataset randomly
{

int [] LemplndexA = (int [] ) cfassalndex. cl-one ( ) ;

int [] templndexB = (int [] ) classBÌndex.clone O ;

for(int i=0; icclassACounter; í++)
{
int randomcounter = (int) (((classACounter - i) * Math.randomO) +

i);
int temp = tempïnde;ç;1[randomCounter] ;

tempTndexÀ [randomCounter] =templndexA Ii] ;

LemplndexÀ[i] = temp;
)

for(int i=0; i<classBcounter; i++)
{
ínt randomcounter = (int) (((ctassecounter - i) * Math.randomO) +

i);
int temp = templndexB lrandomCounter] ;
templndexB IrandomCounter] =tgrnplndexB Ii] ;
templndexBIi] = temp;
]
int traincounter=0 i
for(int j=0; jcnoofClassAtrainSamples; j++)
{

trainDaLalndexltrainCounter] = templndexatjl ;
traincounter++ t

Ì
for(int j=o; j<noofClassBtrainsamples,' j++)
{

trainDatalndex ItrainCounter] = tempfndexB Ij ] ;

trainCounter++ ,'

)

int local-IndexCounter = 0;
for(int j=noOfClassAtrainSamples; j<classACounter; j++)
{

tesLDatalndexIlocalfndexcounLer] = templndexatjl ;

f ocal Tndexcounter++,'
)
for(int j=noOfCfassBtrainsamples; jccl-assBCounter; j++)
{

testDatalndex IlocalfndexCounter] = templndexB Ij ] ;

l-ocal Indexcounter++,'
)

System.out.println("\nSize of training set:
" +trainDataTndex. length) ;
System.out.println("\nSize of test set "+testDatalndex.length) ;

)

int classCount.erA = 0;
int classCounterB = 0;
for(int i=0; ictrainDatafndex.length; i++)
{

if (cl-assl,abel- [trainDataTndex ti] I ==1)
{

classCounterA++ ,'

)

if (classlabef ltrainDatafndex ti] I ==2)
{
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cÌas sCounterB+ + ;

Ì
)

LrainDatafndexÀ = new int [classCounterA] ;

trainDatalndexB = new i-nt lclassCounterB] ;
trainCl-assADataset = new float [classCounlerA] lnoOfDimension] ;
trainCl-assBDataset = new float lclassCounterB] lnoofDimension] ;

classcounterA = 0;
classcounterB = 0;
for(int i=0; ictrainDatalndex.length; i++)
{
if (classlabel Itraj-nDataTndex ti] I ==f)
{

trainDaLalndexA Ic]-assCounterAl = trainDatalndex Ii] ;
for(int )=0i f<noofDimension; j++)
trainClassADataset IclassCounterA] [j] =
dataSet ItrainDatalndex Ii] I Ij ] ;
cÌassCounterA++ ;

)

if (cfassl,abef ItrainDatalndex ti] I ==z )

trainDatafndexB IclassCounterB] = trainDatalndex Ii] ;
for(int j=O; jcnoOfDimension; j++)
trainClassBÐataset IclassCounterB] [j] =
dataSet ItrainDatalndex Ii] I Ij ] ;
classCounterB++ ,'

classcounterÀ = 0;
classcounterB = 0;
for(int i=0; ictestDatalndex.length; i++)
{
if (classlabel- [testDatalndex ti] I ==1)
{

cl-assCounterA++ ;

)
if (classlabel ItestDatalndex ti] I ==2 )

{
c l-assCounterB++ ;

)

)

testDatafndexÀ, = new int [classCounterA] t
testDatalndexB = new int lclassCounterB] ;
testc]assÄDataset = new float [c]assCounterAl lnoOfDimension] ;
testclassBDaLaset = new float IclassCounterB] lnoOfDimension] ;

classcounterA = 0;
cl-asscounterB = 0;

for(int i=0; ictestDatalndex.Iength; i++)
{

if (classlabel ItestDatalndex ti] I ==r)
{

testDatafndexÀ [c]-assCounterAl = testDatalndex Ii] ;

for(int j=0; j<noofDimension; j++)
testclassÄDataset IclassCounterA] [j] =
dataSet ltesLDatalndex Ii] I tj I ;
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cfassCounterA++ ;

Ì

if (cfasslabel ltestDatalndex ti] I ==2)
{

testDatalndexB Ic]-assCounLerBl = testDatafndex Ii] ;

for(int j=o; jcnoofDimension; j++)
testCl-assBDataset IclassCounterB] [j] =
dataset ItestDatarndex ti] I tj I ;
clas sCounterB++ ;

)
)

)

public void setDatavariables O // Reset data-refated globaÌ parameters
{

paramobj . setGlobalDataset ( (float [] [] ) dataset.clone O ) ;
paramobj .setGlobal-Cfasslabel ( (int tl ) cl-asslabel.clone O ) ;

paramobj . setGl-obaf Traj-nDatalndex ( ( j-nt [ ] ) trainDatalndex. cl-one O ) ;
paramObj .setGlobalTrainDatalndexA( (ínt [] ) trainDatalndexA.clone O ) ;
paramObj . setGlobalTrainDatafndexB ( ( int [ ] ) trainDatarndexB . cf one ( ) ) ;
paramObj . setGlobalTrainCfassADataset ( (float [] [] ) traj-ncl-assADataset
.ctoneO);
paramObj . setGl-obalTrainCfassBDataset ( (float [] [] ) trainclassBDataset
.cloneO);
paramObj . setGl-obalTestDaLalndex ( ( int [] ) testDatalndex. clone ( ) ) ;

paramObj . setGl-obalTestDatalndexA ( ( int [ ] ) testDatafndexÃ.. clone ( ) ) ;
paramObj . setGlobalTestDatalndexB ( (int [] ) testDatafndexB. cfone ( ) ) ;
paramObj . setGlobalTestCl-assADataset ( (float [] [] ) testCl-assADataSet.c
IoneO);
paramObj . setGl-obalTestClassBDataset ( (float [] [] ) testClassBDataSet. c
toneO);

]

)

--End of dataClass-

* eliteSofution. j ava
* Manages the elite solution seL.
* @author Tdowu olayinka Oduntan
* @version August 2005

public class eliteSolution
{

ínt local-ElitesofutionSize, IocalsolutionSize;
public inttl [] eliteSol-utionSet;
public float [] eliteSolutionValues ;
public int bottomQueuecounter;
public bool-ean foundlnEliteset,'
public int eliminatelndex,'

public eliteSol-ution ( int. il [J givenEliteSo]-utionSet, float []
givenSoluL ionVal-ue)
{

l-ocal-Eli-teSolutionSize = eIi-teSolutionSet. l-engtht
localsolutionSize = eliteSolutionset [0J . length;
eliteSol-utionSet = (int [] [] ) givenElitesolulionSet. clone ( ) ;
el_iteSol-utionValues = (float IJ ) givenSolutionValue.cfone O ;
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parameter paramobj = new parameter ( ) ;
if (paramObj . optimumType. equals ( "MIN'' ) )

eliminatelndex = 0;
else
el-iminatefndex = givenEliteSol-uLionSet. Iength-1 ;

)

public void addToEIiteSet(inttl solution, float sol-ut.ionVafue)
{
boolean eliteSeLChecker = checkrnEliteSet ( ( int tì ) solution. clone ( ) ,

solutíonValue);
for (int m=0,' mcefiteSolutionValues. Iength-1; m++)

{
for(int n=0; nceliteSolutionVal-ues.length-1-m; n++)
{
if (eliteSolutionValues [n] < eliteSol-utionValues [n+1] )

{
f loat templ = el-iteSol-utionVafues [n] ;
eliteSolutionValues [n] = eliLeSolutionValues [n+1] ;
eliteSol-utionVal-ues [n+1] = templ;
int [] temp2 = (int [] ) eliteSolutionseL In] . clone ( ) ;
eliteSolutionSet [n] = (int [] )eliteSolutionset [n+1] .cloneO;
eliteSofutionSet In+1] = (int [] )tempZ.cÌone();

]

f ( solut ionValue < el- i t eSol-ut i onVal-ues I e f iminat e Tndex] )

removeFromEliteset ( ) t
for (int i=0,' i<locafSolutionSize; i++)

eliteSolutionSet lefiminateTndex] [i] = solutionIi] ;
eliteSol-uLionVal-ues Ieliminatelndex] = solutionVal-ue;

public void removeFromEl-iteSet ( )

for (int i=0; i<localEliteSolutionSize-1; i++)
{
for (int j=O; jclocalSol-uLionSize; j++)
eliteSol-utionset til tjl = eliteSol-uLionset ti+11 tjl ;

eliteSofutionvalues Ii] = el-iteSolutionValues Ii+1] ;

pubJ-ic boof ean checklnEliteset (inL tl sol-ut j-on, f loat solutionVal-ue)
{

foundlnEliteSet = fal-se;
int eliteSetcounter = 0t
whi f e ( e I i t e S e t Count er < l- o c a l- E I i t e S o 1 ut i onS i z e )

{
int solutioncounter = 0;
while(solutionCounter < sol-ution.length &&
(el-iteSofutj-onSet IeliteSetCounter] [solutíonCounter] ==sol-ution Isofu
tionCounterl ) )

solut ionCounter++ ;

if ( solutionCounter>=sol-ut ion. length- 1 )

{
foundÏnEliteset = true;
break;
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Ì
el- iteSetCounLer++ ;

)
return foundlnEl-iteSet ;

]

I - End of elitesofution.java--

* initialSolutionManager. j ava
* GeneraLes an initial sofution for the search routines (basic tabu search and
the muftilevel search)
* @author Idowu Olayinka Oduntan
* @version August 2005

public class initialSofutionManager
{

int [] newDatasetfndex;
public inL noOfDimensionSpace;
public int solutj-onlength;
public int IJ initialSolution;
int startingDimensionlocal, endingDimensíonlocal;

public initialsolutionManager(int startingDimension, int endingDimension,
int solutionSize)

{

startingDimensionlocal = startingDimension;
endingDimensionlocal = endingDimension;
noOfDimensionSpace = endingDimension - startingDimension + 1;
sol-utionlength = soJ-utionSize ;
newDatasetrndex = new int [noofDimensionSpace] ;

initial-Soluti-on = new int IsolutionSize] ,'

int solutionspacefndex = startingDimension;
for (j-nt i=0; i<noofDimensionSpace; i++)
{

newDatasetlndexIi] = sol-utionSpacelndex + i;
)

)
public initialsol-utionManager (int [] subFeaturespace, int solutionSize)
t

noOfDimensionSpace = subFeatureSpace. length;
solutionlengt.h = sofutionsize ;
newDatasetlndex = new int [noOfDimensionSpace] ;

initialSoluli-on = ne\¡/ int Iso]-utionSizel ,'

newDat.asetlndex = (int [] ) subFeaturespace. cfone ( ) ;

)

public int IJ starterlnj-tialSolution ( )

{
int IJ tempNewDatasetfndex = new int [noOfDimensionSpace] ;

for (int j=0; jcnoofDimensionSpace; j++)
tempNewDataset.IndexIjJ = newDatasetlndexlj] ;

for(int i=0; i<noOfDimensionspace; i++)
{

int randomcounter = (int) ( ( (endingoimensionI-ocal -
(i+startingDimensionlocal-) ) * Math.randomO ) + i) ;

int temp = tempNewDatasetlndex lrandomCounter] ;

tempNewDataset Index I randomCounler] =t srnpNewDat as e t f ndex I i ] ;
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tempNewDatasetTndexIi] = temp;
)
for ( int k=0 ; kcsol-utionl,ength; k++)

initiafsolution [k] = tempNewDatasetlndex [k] t

return (inl [] ) inltialSolution.cl-oneO ;

)

pubJ-ic int. I starterlnitialsoluLÍon(boolean featurespaceFfag)
{

int [] tempNewDatasetlndex = new int lnoOfDimensionSpace] ;

for (int j=0; j<noofDimensionSpace; j++)
tempNewDatasetlndexIj] = newDatasetlndexIj ] ;

for(int i=0; i<noofDimensionSpace; i++)
i

int randomcounter = (int) ( ( (noofDimensionSpace - i) *
Math.random0) + i);
int temp = tempNewDatasetlndex lrandomCounter] t

tempNewDat.aset f ndex I randomCount er ] = ¡s¡np¡ewDataset Index I i ] ;
tempNewDataset.IndexIi] = temp;

]
for ( int k=0 ; kcsolutionlength; k++)
{

initiaÌsolution [k] = tempNewDatasetlndex Ik] ;

)

reLurn (int [] ) initialSolution.clone O ;

)

I ------End of initiafsoluLionManager.java-

* localOpLimum.java
* Finds the local- optimum for a given solution and neighborhood.
* @author Idowu Olayinka Oduntan
* @version August 2005

pubi-ic class localOptimum
{

public inttl il neighborlist;
public int IJ localoptimumSo]-ution,'
public ffoat localoptimumVal-ue;
public int tl Il optimalEliteSolutionSeL;
public float [] optimaIEJ-iteSolutionSetValues;
public int computationcounter = 0;

float [] [] l-ocalClassÀDataSet;
float [] [] localCl-assBDataSet;
ftoat[] [] localDataset;
fl-oat [] [] currentCl-assADataset,'
float [] [] currentCfassBDataSet;
f Ioat [] currenLAlvleanvector;
float [] currentBMeanvector;
ffoat [] [] currentClassACovariance;
float [] [] currentClassBcovariance,'
int [] currentSol-ution;
int [] l-ocalDatafndexA;
inL [] localDatafndexB;
int [] localGivenSolutionSpace;
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int l-ocalNeighborSize, l-ocalNooflterations, localTabulistSize,
localSolutlonSize, l-ocafNoOfEliteSolutions ;
f loat l-ocalClassif ierThreshold ;

String fileName, del-imiters, locaIDatasetT)æe, localOptimumType;
bool-ean searchSpaceGiven ;
dataClass dataObject;
matrix matrixObj;
neighborhood neighborobj ;
obj ectiveFuncLion functionObj ;
tabulist tabuObj;

localOpt imum (parameter paramOb j )

{
/ / ínítiaLize variabfes
localNeighborSize = paramObj . neighborhoodSize ;

localNoOflterations = paramObj .noOflterations;
locafTabulisLSize = paramObj . tabulisLSize,'
l-ocalSofutionSize = paramObj . solutionSize,'
localDatasetType = paramObj .daLasetType;
local-Opt imumType = pararnOb j . opt imumTlpe ;

/ /creaLe an instance each of the required objects
maLrixObj = new matrixO;
functionObj = new objectiveFunction(paramObj) ;

neighborObj = new neighborhood(paramObj) ;
tabuObj = new tabuI-ist (Iocal-TabulistSize, focafsolutionSize.
paramobj ) ;
fileName = paramObj .dataFile;
delimiters = paramObj .delimiterChar;
searchSpaceciven = fal-se;

)

localoptimum(parameter paramobj, int IJ givensolutionspace)
{

/ / create a copy of the given solution space
focalGivenSolutionSpace = (int IJ ) givenSolutionSpace. c]one ( ) ;
localNeighborSíze = paramObj .neighborhoodSize;
localNoOf Iterations = paramObj . noOf Iterations ;
localTabulistsize = paramObj .tabulistSize;
l-ocalSolutionSj-ze = paramObj .solutionSize;
localDatasetType = paramObj .datasetTlpe,'
localOptimumTlæe = paramObj . optimumT)4)e ;
Iocal-NoOfElitesolutions = paramObj .noOfEl-iteSofutions;
malrixObj = new matrixO;
functionObj = new objectiveFunction(paramObj) ;
neighborObj = ne* neighborhood(paramObj, localGivensolutionSpace) ;

tabuObj = new tabulist (focafTabulistSize, localSolutionSize,
paramObj ) ;
f ileName = paramObj .dataFile,'
delimiters = paramObj .delimiterChar;
searchSpaceGiven = true;

)

public float computeobjValue(int [] contextSolution)
{

int [] focalCurrentsol-ution = (int [] ) contextsolutíon. clone O ;
float objFunctValue;
obj Functvalue = functionObj .meanSquareError (IocafCurrentSol-ution) ;
comput at ionCount.er+ + ;
return objFunctValue;

)
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public int [] localOptimumSearch(int [] givenSolut.ion)
{

fl-oat current.ObjFunctValue, bestObjFunctval-ue, newObjValue;
float [] trackBestsolution = new float IlocalNeighborSize] ;
int. [] trackBestsofutionlndex = new int IlocalNeighborSize] ;

currentsolution = (int [] )givenSolution.cloneO ;
localOptimumsolution = (int [] ) givensolutj-on. cl-one ( ) ;

currentObjFunctvalue = compuLeObjValue (currentSolution) ;

best.ObjFuncLValue = curr€ntObjFunctVaÌue;

for(int i=0; iclocafNooflterations; i++)
{
candj-datelist ( (int [] ) currentsolution. clone (l \ ; / /cenerate
neighborhood for the current Solution

//Compute and track the objective function for each feasibfe
solution in the neighborhood
for(int j=0; j<localNeighborsize; j++)
{
int [] newCurrentSol-ution = new int [givenSolution.lengthl ;
trackBestsolutionlndexljJ = j ;
for(int k=0; k<givenSolution.lengLh; k++)
{
newcurrentSolut.ion[k] = neighborr-ist Ij] [k] ;

)
trackBestSolution Ij ] = computeobjValue (newCurrentSolution) ;

)
/ /Re-arrange the neighborhood entries in the descending order of
objective function value.
for(int m=0; m<focalNeighborSize-1; m++)

{
for(int n=0; ncfocalNeighborSize-1-m; n++)
{
if (trackBestSolution [n] < trackBestSolution [n+1] )

{
float templ = trackBestSolution [n] ;
trackBestSol-ution [n] = LrackBestSolution [n+1] ;
trackBestSolution[n+1] = templt
int temp2 = trackBestSofutionlndex[n] ;
trackBestSol-utionlndex In] = trackBestSofutionlndex In+1] ;
trackBestsofutionlndex[n+1] = temp2t

if ( trackBestsol-ution IlocalNeighborSi ze - 1 ] < besLObj FunctValue )

{
/ / Set the admissible solution with the best fitness val-ue as
current and best sol-utions.
for(int r=0; rccurrentSolution.length; r++)
{
currentSolution Ir]
ne ighborli st ItrackBestSo]-ut ionlndex I locaJ-NeighborS ize - 1 ] I Ir] t
loca lOpt imumSoÌut ion I r]
neighborlist I trackBest.so]-ut ionlndex I localNeighborS i ze - 1 ] I Ir] ;

)
/ / set the fitness val-ue for this admissible solution as the best
val-ue
bestObj FunctValue = trackBestSol-ution IlocalNeighborSíze-1] ;
currentObj Fìrnctval-ue = trackBestSolution IlocalNeighborSize- 1 ],'
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tabuObj . addToTabu ( ( int [] ) currentSolution. clone O ,

trackBestsofution I localNeighborSize - 1] ) ;
)

eI se
{
boolean bestFound = false;
boolean tabuChecker,'
int tl tabu-AdmissibleSolution = new int IfocalsoluLionSize] ;

inL bestCounter = locafNeighborSize-1;
while ( lbestFound && besLCounter>=o)
{
for(int r=O; r<focalsol-utionSize; r++)
tabuAdmi s s ibf eSolut ion Ir]
neighborlist ItrackBestso]-utionlndex lbestCounter] I Ir] ;

tabuChecker =
t.abuObj . checkÏnTabu ( ( int [] ) tabuAdmissibleSolution. cl-one ( ) ) ;
if ( ! tabuChecker)
{
currentsolution = (int [] ) tabuadmissibfeSolution-cfone O ;

currentObj Functval-ue = trackBestsol-ution IbesLCounter] ;

tabuobj . addToTabu ( ( ínL tl ) tabuadmissibl-eSolution. clone ( ),
trackBestsol-ut ion IbestCounter] ),'
bestFound = truei
]
cfSE

bestCounter- - ;
)

)
candidatelist. ( (int [] ) currentsofution.c]one O ) ;
)

localOptimumvalue = bestObjFunctValue;
return (int [] ) localoptimumSofution.cÌone O ;

)

public intil tl l-ocalOptimumsearch(int IJ [] givenSolutionset, float[]
givenSolut ionSetVal-ues )

{
float currentobjFunctValue. bestObjFunctvalue, newobjValue;
ftoat [] trackBestsol-ution = new fl-oat []-ocalNeighborSizeì ;

int [] trackBestsolutionfndex = new int IlocalNeighborSize] ;

el-iteSolution eliteSoluti-onObj = new
eliteSol-ution ( (int [] [] ) givenSolutionSet., clone ( ) .

(fÌoat il ) givenSolutionSetVafues.clone O ) ;
optimalEliteSolutionSet =
( int tJ [] ) elitesolutionobj . efiteso]utionSet. clone ( ) ;
optimalEliteSolutionSetValues =
(float [] ) elitesolutionObj . eliteSol-utionvafues. cl-one ( ) ;

for (inL q=0; qcgivenSol-uLionSet. length; q++)

{
currentsolution = (inL[] )givenSolutionSet[q] .cloneO ;
locatoptimumsol-ution = (int [] ) givenSofutionset [q] . clone ( ) ;
boolean feasibfeSolution = false;
currentObjFuncLval-ue = givenSolutionSetValues [q] ;

//computeObjValue (currentsolution) ;
bestObjFunctval-ue = currentobjFunctval-ue;
for(int i=0; í<local-NoOfIteratíons; i++)
{
candidaLelist( (int[] )currentsolution.cl-one O); //cenerate neighborhood
for the current Solution
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//Compute and track the objective function for each feasible sol-ution in
the neighborhood
for(int j=o; j<localNeighborSize; j++)
{
int[] newCurrentsolution = new int[givenSolutionSet[0] .lengthl ;

trackBesLsolutionfndexIj] = f ;

for(int k=0; k<givenSoluLionSet [0] .length; k++)
{
newcurrenlsolution [k] = neighborlist tj J tkJ ;

)
trackBesLSolution Ij ì = computeobjValue (newCurrentSofution) ;

)
/ /Re-arrange the neighborhood entries in the descending order of
objective function value.
f or ( int m=0 ,' m<l-ocalNeighborSize- 1; m++ )

{
for(int n=0,' nclocalNeighborSize-1-m; n++)
{
if (trackBestsofution [n] < trackBestSofution In+11 )

{
fl-oat templ = trackBestsofution [n] ;

trackBestsolution[n] = trackBestsolution[n+11 ;

trackBestsolution[n+]-l = templ;
int temp2 = LrackBestSoluLionlndex[n],'
trackBestsolutionlndex [n] = trackBestsolutionfndex [n+]-l ;

trackBestsofutionlndex[n+1] = temp2;

if ( trackBestsolution IlocalNeighborSize- 1] < bestObj FunctVafue)
{
/ / Se:- the admissibfe sofution with the best fitness value as currenL and
best solutions.
for ( int r=O ; r<currentSolution. Iength; r++)
{
currentSolulion Ir]
neighborli st I trackBestsolut ionlndex I locaJ-NeighborS i ze - 1 ] I I r] ;

locaIOpt imumSof ut ion Ir]
neighborli st I trackBestso]-ut ionlndex I localNeighborS i ze - 1 ] I trl ;

)

/ / Set the fitness value for this admissible solution as the best value
bestObj Functvalue = trackBestsol-ution IlocalNeighborSize-1] ;

currentObj FunctValue = trackBestsolution IlocalNeighborSize - 1 ] ;

/ / add to tabu l-ist
tabuObj . addToTabu 1 (int IJ ) currentSolution. clone ( ) ,

trackBestsolution []ocalNeighborSize-11 ) ;

/ / add to el-ite solution l-ist
el iteSolut ionobj . addToEl iteSeL ( ( int I J ) localopt imumsolut ion. c lone ( ) ,

bestObj Funct.Value) ;

)
el-se
{
bool-ean bestFound = false;
boolean tabuChecker;
int [] tabuAdmissibleSolution = new int Iloca]-Sol-utionSizel ,'

int bestCounLer = localNeighborSize-1,'
while ( lbestFound && bestcounter>=O)
{
f or (int r=0; r<f ocal-SolutionSize,' r++)
tabuÀdmiss ibIeSolut ion I r]
neighborlist ItrackBestso]-utionlndex IbestCounter] I Ir] ;
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if ( I (rabuobj . checklnTabu ( ( int [] ) tabuadmj-ssibleSolution. clone ( ) ) ) )

{
currentsolution = ( int [] ) tabuaamissibfeSolution. clone O ;
currentObjFunctVal-ue = trackBestsolution lbestCounter] ;

tabuobj . addToTabu ( (int ti ) tabuAdmissíbfeSolutíon. clone ( ),
t.rackBestsol-ut ion [bestCounter] ) ;
besLFound = true,'
]
el-se
bestCounter- - ;

)
]
candidatelisL( (int [] )currentSolution.cloneO ) ;

)

)

return ( int [] [] ) etitesolutionobj . eliteSolutionSet . clone ( ) ;
)

/ /generate cadidaLe list
public void candidat.el,ist(int[] currentlocalSol-ution)
{
neighborlist =
(intIJ [ ) (neighborObj.generateNeighbors(currenLl-ocalSo]-ut.ion)).clone();
)

/ /f.índ neighborhood best
public float evaluateSol-ution(int[] currentsol-ution, boolean OptimumType)

{
neighborlist =
(inL tl tl ) (neighborObj .generateNeighbors (currentsolution) ) .clone O ;

return 0.of; //return objfuntn vaÌue of local- optimum.
]

)

-- -----End of localOptimum. java--

/**. . .

* matrix.java
* This class creates the matrix object and enabl-es manipulations of maLrices

and vectors
* @author Idowu Olayinka Oduntan
* @version August 2005

public cl-ass matrix
{

/ /oec\are variables.
publj-c int resultType;
public float. [] sumvectorResuft;
pubJ-ic float [] [] inverse;

/ /Empty matrix class constructor
public matrixo
{

)

// ptethod to multiply two matrices.
public float[] [] matrixlvlultiply(fIoatIJ il firstMatrix, float[] []
secondMaLrix)
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{
int firstMatrixRow = fÍrstMatrix.length;
int firstMatrixcolumn = firstMatrix[0] .length;
int secondMaLrixRow = secondMatrix.length;
int secondMatrixCol-urnn = secondMatrix[0J .length;
float [] [] tempMatrixl = (fIoaL [] [] ) firstMatrix.clone O ;

float [] [] tempMatrix2 = (float [] [] ) secondMatríx. clone ( ) ;
float [] [] newMatrix = new float lfirstMatrj-xCo]-umnl [secondMatrixRow] ;

i f ( f i rstMatrixCofumn I =secondMatrixRow)
return null;
else
{
for(int i= 0; icfirstMatrixRow; i++)
t
for(int j=o; j<secondMatrixColumn,' j++)
{
for(int k=0; kcfirstMatrixcolumn; k++)
{
newMat.rixtil tjl = (tempMatrixlIi] [k] * tempMatrixztkl tjl ) +

newMaLrixtil tjl;

return (f loat [] [] )newlvlatrix.cl-oneO ;

)

,// lulettrod multiplies a maLrix by a scalar and returns the new matrix
public float[] [] scafarMultiply(fIoat[] [] givenMaLrix, ffoat
scal-arMuf t ipl ier )

t
fl-oat scafarFactor = scalarMultiplier;
int matrixRow = givenMatrix.length;
int matrixCofumn = givenMatrix[0] .length,'
float [] [] newScaledMatrix,'
newScafedMatrix = new float lmatrixRow] lmatrixColumn] ,'

for(int i=0; icmatrixRow; i++)
{
for(int j=o; jcmatrixColumn; j++)
{
newScaledMatrixtil tjl = givenMatrixtil tjl * scal-arFactor,'
)
)
return (float [] [] ) newScaledMaLrix. cfone O ;

)
public ftoat[] scalarvectorMultiply(float multiplier, float []
givenvector)
{
float [] newVector = new float lgivenvector. lengthl ;

for(int i=O; i<givenvecLor.length; i++)
newVector Ii] = givenVector Ii] *multiplier;
return (ftoat [] ) newVector. clone ( ) ;
]

// Method adds two matrices and reLurns the new maLrix;
public float[] [] addMaLrix(fl-oat[] [] firstMatrix, float[] [] secondMatrix)
{

int firstMat.rixRow = firstMatrix.length;
int firstMatrixcolurnn = firstMatrix[0] .length;
int secondMatrixRow = secondMatrix.length;
int secondMatrixcolumn = secondMatrix[0] .length;
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float [] [] additionMatrix = new
f loat If irstMatrixRow] [f irstMatrixCo]-umnl ;

if (firstMatrixRowl=secondMatrixRow | |

f irstMatrixColumn ! =secondMat rixColumn )

return nulf;
for(int i=0; j-<firstMatrixRow; i++)
{
for(int j=o; j<firstMatrixColumn; j++)
{
additionMatrixtil Ijl = firstMatrixtil tjl + secondMatrixIi] [j];
)

)
reLurn (float tl tl )additionMatrix.cloneO;

)

//l¡ethod adds two vectors and return a new vector
pubtic float [] addvector(floatIl firstvector, float[] secondvector)
{

inL firstVectorlength = firstVector.length;
int secondvectorlength = secondVector.length;
float [] additionvector = new floaL IfirstVectorlength] ;

i f ( f j-rstVecLorlength ! =secondvectorI,ength)
return null;

for(int j=o; j<firstvectorlength; j++)
{

additionVector [j ] = firstvector [j ] + secondVector [j ] ;

]

return (float [] ) additionvector.cl-one O ;

]

//Method subtracLs a matrix from another matrix and returns a new matrix
public floattl tl subtractMatrix(float[] [] firstMatrix, float[] []
secondMatrix)
{

int firstMatrixRow = firstMatrix.length;
int firstMatrixCofumn = firstMatrix[0] .length;
int secondMatrixRow = secondMatrix. J-ength;
int secondMatrixColumn = secondMatrix[0] .fength;
ftoat [] [] subtractMatrix = new float
I f irstMatrixRow] [ f irstMatrixColumn],'
if (firstMatrixRowl=secondMatrixRow | |

f irstMatrixColumn ! =secondMatrixColumn )

return null;
for(int i=0; j-<firstMatrixRow; i++)
{

for(int j=o; j<firstMatrixColumn; j++)
{

subtractMatrixtil tjl = firstMatrixlil tjl
secondMatrixtil tjl ;

)

)

return (ftoat [] [] ) subtractMatrix.cloneO ;

)

//Met.hod subtracts a vector from another vector and returns a new vector
public ffoat[] subtractvector(float [] firstvector, float [] secondvector)
{

int firstVectorlength = firstVector.lengLh,'
int secondVectorlenglh = secondvector.]ength;
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float [] subtractvector = new ffoat IfírstVectorlengthl ;

i f ( f irstVectorlength ! = secondvectorlength )

return null,'
for(inL j=O; jcfirstVectorlength; j++)
{

subtractvector Ij ] = firstvector Ij J - secondvector Ij ] ;

)
return (float [] ) subtractvector. clone O ;

]

public f loat columnvectorMuttipty ( )

{
return 0;

)

//Method creates the transpose of the given matrix and return same
public ffoat [] [] transposeMatrix(float [] [] givenMatrix)
{

int malrixRow = givenMatrix.lengLh;
int matrixColumn = gívenMatrix[0] .length,'
float tempEntry =0;
float. [] [] LempMatrix = new float [matrixRow] lmatrixColumn] ;
float [] [] transposeMatrix = new f]oat lmatrixCo]umnl lmatrixRow] ;

for(int i=0; icmatrixCofumn; i++)
{

for(int j=O; jcmatrixRow; j++)
{

transposeMatrixtil tjl = givenMatrixtjJ Iil;
]

)
return (float [] [] ) transposeMatrix. clone ( ) ;

]

//MeLhod muJ-Liplies a matrix by a vector and returns a vector
public float[] vectorMatrixMultipJ-y(float[ì givenVector, float[] []
givenMatrix)
{

int vectorlength = givenVector.length;
int matrixRow = givenMatrix.length;
int matrixCol-umn = givenMatrix[0] .length;

float [] newvector = new float [matrixColumn] ;

if (vectorLength! =mat.rixRow)
{

reLurn null;
)
el-se
{

for(int j=0; jcmatrixColumn; j++)
{
f or ( int k= 0 ,' kcvectorlength ; k++ )

{
newVector[jl = (givenvector[k] * givenMatrixtkl ijl ) +

newVector[j];
)
)

)

reLurn (f l-oat [] )newVector. cl-one O ;
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/ /MetLrod multiplies a vector by a matrix and returns a vector
public fIoaL[] matrixvectorMultiply(f1oat[ì [l gi-venMatrix, float[]
givenVector)
{

int vectorlength = givenVector.Iength;
int matrixRow = givenMatri-x.length;
int matrixColumn = givenMatrix[0] .length;
float [] newvector = new float lmatrixColumn] ;

if (vectorlength ! =matrixColumn)
{
return nufl;
)
el-se
{
for(int j=0; j<matrixRowr j++)
{
for(int k=0; kcvectorlength; k++)
{
newVectorIj] = (givenVectorlkl * givenMatrixljl ikl ) + newVectorIj] ;

return (fIoaL [] ) newvector.cfone O ;
)

/ /lfietjnod multiplies a vector by a vector and returns a number
public ffoat vectorvectorMultiply (float IJ firstVector, float []
secondvector)
{

int firstVectorlength = firstVector.length;
int secondvectorlength = secondVector. length;
ffoat mulLiplyvalue =0 . 0f;
if (f irstVectorlength I =secondvectorlength)

return 0 . 0f;
el se
{
for(int k=0; kcfirstvectorlength; k++)
{
multiplyValue = (firstVector[k] * secondVector[k]) +

multiplyVai-ue;
]
)
return muJ-t iplyValue ;

)

public float getElement o
{

return 0 . 0f;
)

publíc int returnRow(ffoatll IJ givenMatrix)
{

return 0 t

)

pubJ-ic int returnColumno
{

return 0;
)

public float[] [] inverseMatrix(float[] [] givenMatrix)
{
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int matrixDimension = givenMatrix.J-ength;
float [] [] tempMatrix0 = new
float lmatrixDimension] [matrixDimension] ;

for(int i=0; i<matrixDimension; i++)
for(int j=0; j<matrixDimension; j++)
tempMatrix0 til tjl = givenMatrixtil tjl ;

inverse = new float lmatrixDimension] [matrixDimension] ;

float [] tempMatrix = new float lmatrixDimension] ;

float pivotElement, factor;
for(int i=0; icmatrixDimension; i++)
{
for(int j=o; jcmatrixDimension; j++)
{
rL \ r--J /

inversetil tjl = 1.of;
el se
inverse til tj I = 0. 0f;
)
)
for(int i=O; icmatrixDimension; i++)
{
for(i-nt j=i+1; jcmatrixDimension; j++)
t
if (Math.abs(tempMatrix0 til Ii] ) < Math.abs(tempMatrixOtjl til ) )

{
for(inL k =0; k<matrixDimension; k++)
{
tempMatrix[kJ = tempMatrixO Ii] [k] ;

tempMatrixOlil tkl = tempMatrix0tjl tkJ;
tempMatrix0 Ij I tkl = tempMatrix [k] ;

tempMatrix[k] = inversetil tkl;
inverselil tkl = inversetjl tkl;
inverse tj I tkl = tempMatrix Ik] ;

]

)
for (int i=0,' icmatrixDimension; i++)
t

pivotElement = tempMatrix0 til til ;

for(int j=matrixDimension-1; j>=0; j--)
{
tempMatrix0 til tj I = tempMatrix0 [i] [j ] /pivotEtement;
inverse Iil tj I = inverse til tj I /pivoLElement;
)
for(int j=i+1; jcmatrixDimension; j++)
{
factor = -l- * tempMatrixo tjl til;
f or (int k=0; kcmatrixDimens j-on,' k++)
{
LempMatrix0tjl tkl = tempMatrixotjl tkl + (tempMatríxOIi] [k]* factor);
inverse tjl tkl = inverse tjl tkl + (inverse til tkl * factor) ,'

)

)
)
for(int i=matrixDimension-1,' i>=l-, i--)
{
for(int j=i-r; j>=0; j--)
{
factor = -1 * tempMatrixoljl til;
f or (int k=0; kcmatrixDimension,' k++)
{
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tempMatrixOtjl tkl = tempMatrixOtjl tkl + tempMatrixOIi] [k]*factor;
inversetjl ikl = inversetjl tkl + inversetil tkl*factor;
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retLrrn (float [] [] ) inverse.clone O ;
)
)

---- End of matrix.java--

* neighbourhood.java
* This cl-ass generates the neighborhood set for a given sol-utj-on
* @author ldowu Olayinka Oduntan
* @versj-on August 2005

public class neighborhood
{

public int starLDimension, endDimension;
public int neighborlengLh;
pubJ-ic int sofutionlength;
public int noOfRepJ-aceables;
public int totalNoofFeatures;
pubJ-ic int il removelndex;
public int il replacelndex;
public int tl tl neighborCandidatelist;
public int IJ replaceableSo]-ution;
public int [] newSolutionSpace;
public boolean newSolutionSpaceGiven = fafse;
int [] randomGenerator;
int [] tempRandomGenerator;

public neighborhood (parameter paramObj )

{
startDimension = paramObj . startDimension;
endDimension = paramObj .endDimension;
noofReplaceabfes = pararnobj .hammingDisLance;
solutionlength = paramObj . solutionSize;
neighborlength = paramObj .neighborhoodSize;
totalNoofFeatures = endDimension - startDimension + 1-;

replaceableSofution = new int [noOfReplaceab]-esl ;

neighborCandidatelist = new int lneighborlengthl Isolutionlength] ;

for(int i=0; i<noOfReplaceables,' i++)
replaceablesolution I i] =0 ;

newSofutj-onSpaceGiven = falset
)

public neighborhood(parameter paramObj, int Il givensolutionspace)
{
noOfReplaceables = paramObj .hammingDistance;
solutionlength = paramObj . solutionSize,'
neighborlength = paramObj . neighborhoodsize,'
totalNoOfFeatures = givenSolutionSpace.length;

replaceableSolution = new int lnoOfReplaceables] ;

neighborcandidatelist = new int [neighborlengthl Isolutionlength] ;

newSolutionspace = new int lsolutionlengthJ ,'

for(int i=0; icnoOfReplaceables,' i++)
replaceableSol-ution ti J =0 ;
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newsofut.ionspacecj-ven = true;
newsolutionspace = (int [] )givensolutionspace.clone O ;

)

pubJ-ic int tl tl generateNeighbors (inL [] argSoJ-ution)
{
int IJ updatedsoÌution]- = new int [so]utionlengthl ;

int [] tempSoJ-utionlist = new int IsofutionlengthJ ;

int [] tempSolutionlist2 = new int [so]-ution]-engthl ;
int [] l-ocalGivenSolution = (int [] )argSolution.cl-one O ;

tempsotutionlist2 = ( int [J ) argSolution. clone O ;

f or (int m=0,. m<neighborlength; m++)

{
tempSolutionlist = (int [] ) argSolution.clone O ;
updatedSolutionl = (int [] ) argSolution. clone ( ) ;
//randomly re-arrange the solution items in tempSolutionlist
for(int i=0; i<solutionlengLh; i++)
{
int randoml = (int)(((solutionlength - i)* Math.random0) + i);
int templ = tempSolutionlist Irandoml] ;

tempSolut ionlist Irandoml ] =tempSoluL ionl,i sL I i ] ;
tempSolutionlisLlil = templ;
)
//select one of the re-arranged entries as the replaceable item.
for (int k=0 ;k<noOfReplaceables; k++)
{
replaceableSofution [k] = tempSolutj-onl-ist [k] ;

]

/ / generate replacing solution for the replaceable iLem by creating a
list of items that are not in the present solution.
tempRandomcenerator = ne\d int [toLa]-NoOfFeatures - solutionlengLhl ;
int tempSolutionCounter = 0;
bool-ean solutionFlag ;
for(int i=0; ictotal-NoOfFeatures; i++)
{
//dneck if the ith feature is in the current sofution feature subset.
solutionFlag = true;
for (int j =0; j <solutionlength; j ++)

{
if ( newSof uL ionSpaceGiven==true )

{
if (newSol-utionSpace Ii] ==16s.16ivenSofuLion tj I )

{
solut ionFfag= fal se ;
)

)
el-se
{
if ( (i+startDimension) ==focalGivenSolution Ij ] )

{
sol-ut ionFlag= false ;

if ( sol-ut ionFl-ag==true )

{
if ( newSof ut ionSpaceGiven==t.rue )

{
tempRandomcenerator ItempsolutionCounter] = newsolutionSpace IiJ ;

)
ef se
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tempRandomcenerator ItempSolutioncounter] = i+startDimension;
tempSoJ-ut ionCounter++ ;
solutionFlag = true;
)
)
//Randomly re-arrange the features that are not in the present soÌution
feature subset.
int random2;
for (j-nt i=O; i< (total-NoOfFeatures-soluLionLength) ; i++)
{
random2 = (int) ( ( (totalloOfFeatures-solutionlength-j-) * Math.randomO ) +

i);
int temp2 = tempRandomceneratorIrandom2] ;

tempRandomcenerator Irandom2 J =tempRandomGenerator Ii] ;

tempRandomceneratorIi] = temp2t
)
int counter2 =0;
boolean repJ-aceFlag, neighborFlag=f¿lss-
for(int i=0; í<solutionlength; i++)
{
rePlaceF]-ag = true;
for(int j=O; jcnoOfReplaceables; j++)
{
if (updat.edSolutionl Ii] == replaceableSolution tj I )

{
repfaceFlag= fal se;
neighborCandidatel-ist tml Ii] = tempRandomcenerator Icounter2],'
counter2 + + ,'

break;
)
)
if ( rePlaceFlag==¡¡us¡
neighborCandidatelist tml til = updaLedsolutionl Ii] ;
if (neighborCandidater-ist [m] til ==0)
neighborFlag = true;
)
i f (neighborFlag==¡¡us ¡

{
SysLem.out.printfn("Neighborhood of a zero entry") ;

for(int i=0; icsofution],ength; i++)
{
System. out.prínt (neighborCandidatelist [m] [i] +"\t" ) ;
)
System. out.printJ-n ( ) ;
System.out.println('rTempgenerator is: ") i
for(int j=o; jctotafNoOfFeatures - solutionlengt.h; j++)
{
SysLem. out . println ( tempRandomcenerator t j I ) ;
]
System. out.println ( ) ;
]
]
return (int tl [] ) neighborCandidatelist. cfone ( ) ;
)

Ì

- --End of neighbourhood. java--

* objectiveFunction. java
* This class computes all objective function-refated values
* @author fdowu Olayinka Oduntan
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* @version August 2005

pìiblic class objecLiveFunction
{

/ / Declare variabfes.
public int [] vatidatingTrainse|. ; / /Complete training set index
public int [] vatidatingClasslabel ; / /CompLete dataset class labels
public float [] [] validatingDataset; / /Complete training set dataset
matrix matrixlnstance,. //Create an instance of the matrix class for matrix

and vector manipulation
parameter localParamObj ;

int [] local-TempFeaturespace;

pubJ-ic objectiveFuncLion (parameter paramObj )

{
ÌocalParamobj = ParamObj;
matrixlnstance = new matrix O ;
validatingTrainSet = (int [] )paramObj .globalTrainDatalndex.clone O ;
vaIídaLingClasslabel- = (int [] ) paramObj . globalClassl,abel. clone ( ) ;
if ( ! paramObj . temPDataFlag)
validatingDataset = (float [] [] )paramObj .globalDataset.clone O ;

e1 se
{
validatingDataset = (float [] [] ) paramObj . tempcJ-obalDataset . clone ( ) ;

localTempFeaturespacs = (int [] )paramObj.globalTempl,evelsubspace.cloneO;
)

]

public objectiveFunction(parameter paramobj, ffoat IJ IJ givenDataset)
{

localParamobj = ParamObj;
matrixlnstance = new matrix O ;

validatingTrainSet = (int [] )paramObj .globalTrainDatafndex.clone O ;
validatingClasslabel = (int [] ) paramObj . globalClasslabel - cfone O ;
validatingDataset = (float IJ [ì ) givenDataset. cfone ( ) ;

i

public floattl tl computespooledCovariance(float[] [] firstCovariance, int
sampleSizel, ftoattl tl secondCovariance, int sampleSize2)
{

int scalarFactorl = sampfesize]- - I¡
int scal-arFactor2 = sampleSize2 - L;
int scalarFactor3 = samplesizel + sampleSize2 - 2;
float [] [] tempcovariancel =
(f loat [] [] ) matrixlnstance. scalarMuftiply ( firstcovariance,
scaLarFactorl) . clone ( ) ;
float [] [] temPCovariance2 =
(float [] [] ) matrixlnstance. scalarMul-tip]y (secondcovariance,
scalarFactor2) .clone ( ) ;

float [] [1 temPCovariance3 =
(ftoat [] [] ) matrixfnstance - addMatrix (tempCovariancel,
tempCovariance2) . clone ( ) ;
float [] [] spooledCovariance =
(f loat [] [] ) mat.rixlnstance. scalarMultiply (tempcovariance3,
1. 0f/scalarFactor3 ¡ . clone O ;

return (fl-oat Il IJ ) spooledCovariance - c]-one ( ) ;
)

public floattl [] compuLelnverseSpooledCovariance(float[] [] firstCovariance, j-nt

sampleSizef, floatIJ [ì secondCovariance, int sampleSíze2)
{
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float [] [] loca1Spoo]edCovariance =
( f loat I J I J ) computeSpooledCovariance ( f irslCovariance, samp]-esi ze l-,
secondCovariance, sampleSize2) .cloneO ;

floaL [] [] inverseSpooÌedCovariance =
(float [] [] ) matrixlnstance. inverseMatrix (localspooì-edCovariance) ;

return (floaL [] [] ) inverseSpooledCovariance.cfone O ;

)

public float computeMahalanobis(float[] [] firstCovariance, int sampÌeSize1,
fl"oattl tl secondCovariance, int sampleSize2, int dimension, float[]
firstMeanvecLor, float [] secondMeanvector)
{

float [] [] locallnversespooledcovariance =
(float. | | )computelnversespooledCovariance(firstCovariance, sampIeSizel,
secondCovariance, sampleSize2 ) ;
System.out.println( "fnverse SpooJ-ed covariance" ),'
for(int í=O; i<locaflnverseSpooledCovariance.length,' i++)
{
System. out .println ( " \n" ) ;
for(int j=o; jclocallnverseSpooledCovariance [0] .length' i++)

System. out . print ( local- InverseSpooledCovariance t i I t j I * " \t " ) ;

float [] meanvectorDifference =
( f loat [ ] ) matrixfnstance . subtract.Vector ( f irstMeanvecLor,
secondMeanvector) . cl-one ( ) ;
for(inL i=0; i<meanvecLorDifference.length; i++)
System.ouL.print (meanvectorDifference Ii] +"\t" ) t
f loat [] tempMuJ-Liplyl =
( f Ìoat [ ] ) matrixlnstance . vectorMaLrixMult ip]y (meanVectorDif ference,
local- InverseSpooledCovariance ) . clone ( ) ;
for(int i=0,' i<tempMultipJ"yl.length; i++)
System.out.prínt (tempMultiplyr til +"\t" ),'
ffoat tempMultiply2 = matrixlnstance.vectorvectorMultiply(meanvectorDifference,
tempMultiplyl- ) ;
Doubl-e doubleObj = new Double (Math. sqrt (tempMultiply2) ) ;
float mDistancevalue = doubl-eObj . float.Value O t

if (mÐistanceval-ue>=0 . 0 f )

return mDistancevalue ;
el se
return 0.0f,'
]

public float [] computeMeanvector(float [] []datavalues)
{

int rowlength = dataVal-ues.length;.
int coll,ength = dataValues [0] .length;
f loat sumMeanvalue,'
float [] meanVector;
f l-oat [] [] datasetvalues;
dataset.values = new fl-oat Irowlength] [collengt.hJ ;
meanvector = new float [collengthJ;
for(inL i=0; icrowI,ength; i++)
{
for(inL j=0; j<col],ength- j++)
{
dataseLval-uestil Ij] = dataValueslil tjl;
)
)
for(int i = 0; iccollength; i++)
{
sumMeanValue = 0.0f;
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for(inL j=0; j<rowlength; j++)
{
sumMeanValue = suÍìJvleanvalue + datasetval-ues tjl til ;

Ì
meanVecLor Ii] = sunMeanvalue/rowlength;
)

return (float [] )meanVector.clone O ;
)

public float[] [] computeCovariance(float[] [] datavalues, floaL[]
meanvectorValues )

{
int rowlength = dataValues. lengLh,'
int collength = dat.aVal-ues [0] .length;
float [] meanvector;
float [] referenceColumnVector;
f loat [] colurnnvector;
f loat [] [] datasetvalues,'
ftoat [] [] covarianceMatrix;
f loat covarianceMatrixvalue=0 . 0f ;
datasetVafues = new float [rowlength] lcollength];
meanvecLor = new ffoat [collengthJ;
covarianceMatrix = new fl-oat Icoflengthl fcoll,engthl ;

referenceColumnvecLor = new fl-oat Irowl-engthl ;
columnvector = new float [rowlengthl;
datasetvalues = dataValues;
meanvector = (float [] ) meanVectorValues. clone ( ) ;

for(int i=0; i<rowlength; i++)
{
for(int j=O; j<collength; j++)
{
datasetValuestil [j] = dataVal-ues Ii] [j] ;

)
]
for(inl i=0; i<collength; i++)
{
for(int j=i; jccolLength; j++)
{

{
for(int k=0; kcrowlength; k++)
{
referenceColumnvector [k] =datasetval-ues tkl tj I -meanVector Ij ] ;

)

)
else
{
for(int k=0; kcrowlength; k++)
{
columnvector [k] =datasetval-ues tkl ij I -meanVecLor Ij I ;

Ì
)
f or (int n=0; n<ro\dlength,' n++)
{
r! \r--J /

covaríanceMatrixValue = referenceColumnVector In] *referencecolurnnvector [n]
+ covarianceMatrixvalue t
else
covarianceMatrixValue = referenceCol-umnVectorIn] *columnVector[n] +

covarianceMaLrixValue,'
)
covarianceMatrix tfl ij I = covarianceMatrixvalue/ (rowlength-1) ;
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covarianceMatrixtjl til = covarianceMatríxtil tjl ;
covarianceMatrixValue =0 . 0f ;

)
)
return (ffoat [] [] ) covarianceMatrix. cl-one O ;
)

pubJ-ic float meanSquareError(int [] currentSolution)
{

int [] l-ocalCurrentSolution = (int [] ) currentsofution.cfone O ;
float meansquareError=0 . 0f;
f loat validateReference ;
float [] errorValues = new fl-oat [va]-idatingTrainSet.Iengthl ;
int [] tempTrainset = new int lvalidatingTrainSet. length-1ì ;
int [] compl-eteTrainset = (int [] )validatingTrainSet.cloneO ;
float [] [] validateDatasetA;
float [] [] validateDataSetB;
float [] [] validateCovarianceA;
float [] [] validateCovarianceB;
float [] va l- i dat e I nverseCovariance ;
f loat [] vaJ-idat.eMeanA;
float [] validateMeanB;
f loat [] validateSumMeanVector;
f loat [] val-idateDif fMeanVector;
f loat [] val-idateConstantvector i
float [] testVafidatevector = new float Ilocalcurrentsolution.lengthl ;
int classlabellndicator ;
int val idateCl-assLabellndicator ;
int completecounterA = 0i
int completecounterB = 0;
// Compute whole-sampfe covariance inverse.
for(int j=O; j<compl-eLeTrainset.length; j++)
{
if (validat.ingClassl,abel IcompleteTrainset tj ] I ==1)
completeCounterA++ ;
efse if (vafidatingCfasslabef IcompfeteTrainset tj ] I ==2)
compl-eteCounterB++ ;

)
float [] [] completeDataSetA = new
f loat Icomp]-eteCounLerAl IcurrentSolution. length] ;
float [] [] completeDatasetB = new
f loat IcompfeteCounterB] [currentSolution. length] ;
int complet.eCounterl=0 ;
int completecounter2=0 ;
int totalcompf etecounter,'
for(int j=0; j<compl-eteTrainset.length; j++)
{
if (validatingCl-assI,abel IcompleteTrainset tj ] I ==1)
{
for(int k=0; kccurrentsolution.length; k++)
{
if ( ! localParamObj . tempDataFlag)
completeDataSetA IcompleteCounterl ] [k]
validatíngDataset IcompleteTrainset I j ] I IlocalcurrentSolution [k] - 1l ;
el se
{
for(int m=0i m<IocalTempFeatureSpace.length; m++)

{
if (localCurrentSol-ution Ik] ==localTempFeatureSpace [m] )

{
completeDataSetA I completeCounterl ] [k]
validatingDataset IcompleteTrainset tj ] I iml ;
break,'

t12
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completeCounterl + + ;

]
else if (val-idat.ingclasslabef [completeTrainset tf ] I ==2 )

{
for(int k=0; kccurrentsolution.length,' k++)
if ( ! localParamObj . tempDataFlag)
completeDataSetB IcompleteCounter2] [k]
validatingDataset IcompleteTrainset Ij ] I IlocalCurrentSolution [k] -11 ;
ef se
{
for(int m=0; mclocal-TempFeatureSpace.length; m++)

{
if (localCurrentsoÌution Ik] ==localTempFeatureSpace Im] )

{
completeDataSetB IcompleteCounter2 ] [k]
validatingDaLaseL [completeTrainset tj ] I tml ;
UI CdA ;

completeCounter2 ++ ;

]
)
/ / ToLaI number of samples in both classes
totalcompletecounter = compleLecounterl + completeCounter2 ;

/ / lttean vector of class A using alf the samples
float [] compleLeMeanA =
(float IJ ) computeMeanvect.or (completeDatasetA) . clone ( ) ;

/ / Mean vector of class B using all the samples
float [] completeMeanB =
(f loat [] ) computelvteanvector (completeDatasetB) . clone ( ) ;

// Sum of mean vectors for class A and B (i.e. y in the reference text)
float [] completeMeanSum =
(float [] ) matrixlnstance. addVector (completeMeanA, compleLeMeanB) ; / / í.e. Y

// Dlfference of mean vectors for class A and B (i.e. z in the reference
text )

float [] compfeteMeanDifference =
(float [] ) maLrixlnstance. subtractvector (completeMeanA. completeMeanB) ;

/ /í.e. z

/ / CLass A covariance using all the samples
float [] [] compfetecovarianceA =
(f]oatil[J)computecovariance(completeDatasetA. comp]-eteMeanA).cloneO;

/ / Cl-ass B covariance using all the samples
float [] [] compleLeCovarianceB =
(float IJ IJ ) computeCovariance (completeDatasetB, completeMeanB) . s1qns O ;

/ / ínverse spooled covariance using al-Ì the sampJ-es
float [] tl completefnverseSpooled =
( f loat [ ì [ i ) computelnverseSpooledcovariance ( completeCovarianceÀ,
completeDataseLA. length, completeCovarianceB,
compJ-eteDatasetB . length) . clone ( ) ;

// Estimate train cl-assifier parameters for cross-val-idation
for (int i=0; icvalidatingTrainSeL. J-ength,' i++)
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{
classlabel- Indicator = validatingclasslabel- lva1 idatingTrainSet t i ] I ;

int counter =0;
int counterA = 0;
ínt counterB = 0;
int classCounter = 0;
floaL constantcK =0 . 0f;
float [] adjustedMeanvector = new fl-oat Icurrentsofution.lengthl,'
float [] [] inverseSpool-edCovaraianceWithouL;
fl-oat[] excludedVector = new floatIcurrentsoluti-on.Iength] i // í.e. x(1)

// øxtract the excluded vect.or, i.e. x(i)
for(int k=0; k<currentsolution.length; k++)
excludedVector [k] = validatingDataset lvalidatingTrainset ti] I tkl ;

/ / lrainíng set without the excluded vector
for(int j=0; jcvalidatingTrainSet.length; j++)
{
if li r=il

{
tempTrainSet Icounter] = validat.ingTrainSet Ij] ;

counter++,'
]
Ì

for(int j=O; j<LempTrainset.fength; j++)
{
if (validatingClasslabel ItempTrainSet tj ] I ==1)
counterA++,'
else if (validatingClasslabel [tempTrainset. Ij ] I ==Z)
counterB++;
)
//Compute the constantcK i.e. c(k) in the reference.
if ( cf assLabel Indicator==1 )

{
adjustedMeanVector =
(float [] ) matrixlnstance. subtractvector (excfudedVector, completeMeanÄ') ;
constanLCK = compfeteCounterl-/ ( (compleLecounterl-
1) * (totalcompl-etecounter-2) );
cl-asscounter = compfetecounLerl ;

]

else if (cfassl,abellndicator==2 )

{
adjustedMeanVector =
(float[])matrixlnstance.subtractvector(excludedVector, completeMeanB),'
constantcK = compfeteCounLer2/ ( (compJ-etecounter2-
1) * (totalcompletecounter-2) ) ;
classcounter = completecounter2,'
)

//Compute the inverse of the spooJ-ed covariance without the excluded
vector.

fl-oat [] numeratorpProductl =
( f loat [ ] ) matrixlnstance . vectorMatrixMulL ipJ-y ( adj ustedMeanvector,
completelnverseSpooled) . clone ( ) ;
fl-oat numeratorpProduct2 =
matrixlnstance . vectorvectorMul-t iply ( adj us tedMeanvector,
numeratorpProductl ) ;
float [] denorminatorpProduct.l- =
(float [] )matrixlnsLance.matri-xvectorMultiply(completelnverseSpooled,
adj ustedMeanVector) ;
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float denorminatorpProduct2 =
matrixlnstance . vectorVectorMul-t iply ( denorminatorpProducL 1,
adj us tedMeanvector ),'
float multipJ-ierConstant = (constantCK * numeratorpProducL2) / (I -
constantcK * denorminatorpProduct2) t
float [] [] LemplnverseSpooJ-edCovaraianceWithout =
( f loat [ ] [ ] ) matrixlnstance . scalarMul típly ( completef nverseSpooled,
multÍpJ-ierconstant) . clone ( ) ;
validatef nversecovariance =
( f loat [ ] [ ] ) matrixlnstance . addMatrix ( complete InverseSpool-ed,
tempf nverseSpooledCovara j-anceWithout ) ;

val-idateDatasetA = new float lcounterA] [currentSo]-ution.lengthJ ;
validateDatasetB = new float lcounterB] [currentsolution.length] ;
int tempCounterl=0;
int Lempcount.er2=0;
for (int f=0; l<temp1rainset . length; j ++)
{
if (validatingClasslabel ItempTrainSet tj ] I ==1)
{
for(int k=0; kccurrentSofution.length; k++)
{
if ( I localParamObj . LempDataFlag)
{
val- j-dat.eDataSetA ItempCounterl ] [k]
val-idaLingDatasetr ItempTrainset tj ] I IfocalCurrentSofution [k] -11 ;

)
else
{
for(inL m=0,' m<l-ocal-TempFeaturespace. length; m++)

{
if (focafCurrentSofution Ik] ==]ocafTempFeaturespace [m] )

{
val- idateDataSetA ItempCounterl ] [k]
validatingDataset [tempTrainSet Ij I J lml ;
break;

tempCounterl++;
]
efse if (validatingClasslabel ltempTrainSet Ij ) ] ==2)
{
for(ínt k=0; kccurrentSolution.length; k++)
{
if ( I localParamObj . tempDat.aFl-ag)
{
val idateDataSetB ItempCounte12 ] [k]
valj-datingDataset [tempTrainset [j ] I []ocalCurrentSolution [k] -11 ;

)
el-se
{
for(int m=0; m<l-ocalTempFeatureSpace.lenglh; m++)

{
if ( l-ocal-CurrentSolulion Ik] ==l-ocalTempFeatureSpace Irn] )

{
validaLeDataSetB It.empcounter2 ] [k]
valídatingDataset ItempTrainSet [j ] I [m] ;
break;
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)
tempcounte12++;
)

)
validateMeanA = (float il )computeMeanvector(validateDat.aSetA) .clone() ;
validateMeanB = (float U ) computeMeanvector (validateDatasetB) . clone () ;

validateSumMeanVector = (float [] ) (matrixlnstance.addVector (validateMeana,
val-idateMeanB) ) . clone ( )
validateDif fMeanVeclor =
(f loat [] ) (matrixlnstance. subtractvector (validateMeanA,
validateMeanB) ) . cl-one ( ) ;
validateConstantvector =
( f loaL [ ] ) matrixtnstance . vectorMatri-xMult iply (va1 idateDi ffMeanvector,
validatelnversecovariance) . clone ( ),'
vafidateReference = 0.5f *
ma t r i x f ns t anc e . ve c t. orve c t orMu l- t ip 1 y ( va l- i da t. eCon s t antve c t o r,
val idateSumMeanvector) ;

for(int m=0,' m<l-ocaLCurrentSoLutj-on. J-ength,' m++)

{
if ( I locaf ParamObj . tempDataFlag)
t.estVal- idateVector Im]
validatingDataset [validat.ingTrainSet Ii] I []ocalCurrentSol-ution [m] -11 ;
el-se
{
f or (int n=0,' n<localTempFeaturespace. J-ength,' n++)
{
if (locafCurrentSolution [m] ==localTempFeatureSpace In] )

{
tesLVal-idateVector [m] = validatingDaLaset [validatingTrainSet ii] I tnl ;
break;

float testClasslabelValue =
matríxlnstance . vectorvectorMuf t iply (va1 idateConstantvector,
t.estVal idateVector ) ;
i f (matrixlnstance . vectorvectorMult iply (val idateConstantvector,
testval idatevector ) >=val ídateRef erence )

validateCl-asslabel-fndicator = 1 ;
else
validateCl-asslabellndicator = 2 ;
if (val idateClassLabel-Indicator ! =classLabelf ndicator)
meansquareError = meansquareError + 1,'

)
return meansquareError/val j-daLingTrainSet . length,'
)

)

-- End of objectiveFunction. java--

* parameLer. java
* This class sets and resets all g1oba1 parameters for the multileve1 and

basic tabu search aJ-ogrithms.
* @author
* @version

Idowu Olayinka OdunLan
August 2005

public cl-ass parameter
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{
/ / oblec:L initialization

/ /oataset parameters
public String dataFile = "al-bi_vs_dubl";
public int noOfSamples = 337;
public int noOfTrai-nSamples = 2O2ì
int origNoOfSamples = 33'7;
int origNoOfTrainSamples = 202;
/ /publ-ic String dataFile = "albi_vsjara",.
/ /publíc int noofsamples = 304;
//publ-íc inL. noOfTrai-nSamples = L24i
//int origNoOfsampl-es = 304;
//ínt origNoOfTrainSamples = !24;
public String delimiterChar = " []=;:\t ";
public String dat.asetT)æe = rrtrainrr;
public String optimumType = rrMINrri
public int noofHeaderlines = 3;
public int noOfHeaderParamet.ers = 4;
public int noOfCfasses = 2i
public int noOfDimension = l-500;
int origNoOfHeaderlines = 3;
int origNoOfHeaderParamet.ers = 4,.
int origNoof Classes = 2,.
int. origNoOfDimension = 1500;
String origDatasetType =',train";

//Dataset variables
public int IJ globalTrainDatalndex;
public int I globalTestDat.afndex;
public 1nt I globafTrainDatalndexA;
public int IJ globalTrainDatalndexB;
public int IJ globa]TestDatalndexÀ;
pubJ-ic int IJ globalTestDatalndexB;
publ ic int I J globalClasslabe]- ,-

public float[] [] globalOataSet;
public float [] [] globalTrainCl-assADataSet;
public fl-oat [] [] globalTrainClassBDataset;
public float [] [] globalfestclassÀDataset,.
public float [] [] globalfestClassBDataset,.
public float [] [] tempGlobalDataset;
public int [] globalTempl,evelsubspace;
public int I globalTempl-evelSubspaceWithComponents;
public bool-ean tempDat.aF]ag = false;

/ /Search parameters
public String searchT)æe = rrtaburr i
public int searchSpace;
public int solutionSize = 10;
public int defaul-t.Sol-utionsize = I0;
public int partialSolutionSíze = LO;
pubJ-ic int f inal-So1utionSize = 10;
public int baseNoOflterations = 10;
public int nooffterations = 25;
public int. tempNoOflterations = 25;
public int tabulistSize=l-500/50; / /750;
public int neighborhoodSize = l-500/15 i / /1-500;
public int hammingDistance = 1;

String origSearchType = t'tabu,' 
,-

int origSearchspace = 1500;
int origSol-ut.ionsize = 10t

IN
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int origDefaultSolutionSize = 10;
int origPartialSolutionSize = 10;
int origFinalSol-utionSize = 10;
int origBaseNooflterations = 10;
int origNoOflLerations = tempNoOflterations;
int origTabulistsize = 1500/50; //750
int origNeighborhoodSize = 1500/15; //l.500
inL origHammingDistance = 1,'

/,/Multil"evel parameters
public int noOfPartitions = 3;
public int noOflevel-s = 3;
public int reductionFactor = 2,'
public int partitionSol-utionSize = 30;
public inL noOfEliteSol-utions = 5t
public int clusterWíndow = 2;

/ /string partitionType = rr f ixed'r ,.

String partitionType = rrrandomt' ;
int origNoofPartitions = 3;
int origNoOflevel-s = 3;
int origstartDimension = 1;
int origEndDimension = 1500;
int origReductionFacLor = 2;

/ /lriisc parameters
pubJ-ic String outputMedia = "f ile",.
public String outputFileName = "outputFil-e",'
public int noOfRuns = 10;
public int randomnessFactor = 5; //5¡
public int startDimension = 1;
public int endDimension = 1500;

public parameter ( )

{

)
/ / set dataset variables
pubJ-ic void set.Global-DataSet (f toat [] [] dataSet)
{

globalDataSet = (float [] [] ) dataset. clone ( ) ;
)

public void setGl-obafcfasslabet (int [] classlabel)
{

globalClassl,abel- = (int [] ) classlabel-. clone ( ) ;
)

/ / set temp dataset variables
public void setTempGlobalDataset(int [] templevelSubspace. int IJ
templevel-Withcomponents, float [] [] tempDaLaset)
{

tempGlobalDataset = (float IJ | )tempnataset.clone() ;
global-Tempr,evel-Subspace = (int Ii ) templevelSubspace.c]-one O ;
globalTempLevelSubspaceWithComponents =
(int [] ) templevelwithComponents. clone ( ) ;
tempDataFlag = true;

)

/ / Set temp dataset variabl-es
public void resetTempGlobalDataset ( )

{
tempDataFlag = false;

1r8
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)

/ / Set train dataset variables:
pubJ-ic void setGfobal-TrainDatalndex (int tl traínDaLaIndex)
{

globalTrainDataÏndex = ( int [] ) trainnatalndex. cl-one O ;

)

public void setGlobalTrainDatalndexA (inL tl trainDatalndexA)
{

globalTrainDataTndexA = (ínt [] ) trainoatalndexA.cl-oneO ;

)

public void setGlobafTrainDatalndexB (int [] trainDatalndexB)
{

globalTrainDatalndexB = ( int [] ) trainDataÏndexB. clone O ;
)

public void setGl-obafTrainClassÀDataset (float [] [] trainCl-assAÐataset)
{

globalTrainClassADat.aSet = (float [] [] ) t.rainclassAÐataset. cfone ( ) ;
]

public void setGl-obal-TrainCIassBDataSet(floaL[] [] trainClassBDataset)
{

globalTrainclassBDataSet = (float [] [] ) trainclassBDataSet. clone ( ) ;
)

/ / set LesL dataset variabfes:
public void setGl-obalTestDatalndex(int Il LestDatalndex)
{

gtobalTestDatalndex = (int [] ) LestDatafndex.cl-oneO ;

)

pubtic void selGlobal-TestDataIndexA(int Il testDatalndexA)
{

globalTestDatalndexA = (int [] ) testoatalndexÀ. cl-one O ;

)

public void setGlobalTestDatalndexB(int tl testDatalndexB)
{

globalTestDatalndexB = ( int [] ) testDatalndexB. clone O ;
)

public void setGl-obalTestCl-assADataSet (f1oat [] [] testClassADataSet)
{

gJ-obaJ-TestCl-assADataSet = (float [] [] ) testClassAÐataset . clone ( ) ;
)

public void setGlobalTestCl-assBDataSet (float [] [] testClassBDat.aSet)
{

globalTestcl-assBDaLaSet = (float [] [] ) testcl-assBDatasel. cl-one ( ) ;
]

/* Dataset parameters */
/ / Set the number of hearderlines
public void setNoOfHeaderlines (int newVal-ue)
{

noOfHeaderlines = newValue;
)
// Reset the number of hearderlínes
public void resetNoOfHeaderlines ( )
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{
noofHeaderLines = origNoOfHeaderLines ;

)

/ / Set the number of hearder parameters
pubJ-i-c void setNoofHeaderParameLers (int newVafue)
{

noofHeaderParameters = newvalue,'
)
/ / Reset the number of hearder parameters
public void resetNoOfHeaderParameters ( )

{
noOfHeaderParameters = origNoofHeaderParameters ;

)

/ / SeL the number of samples
pubtic void setNoofsamples (int newValue)
{

noOfSampJ-es = newvalue;
)
// Reset the number of samples
pubJ-ic void resetNoofSamples o
{

noOfsamples = origNoOfSamPles ;

)

/ / set the number of train samples
public void setNoOfTrainSamples (int newVafue)
{

noOfTrainSamples = newvalue;
)
/ / neset the number of train samples
pubtic void resetNoofTrainSamples ( )

{
noOfTraj-nSampJ-es = origNoOfTrainSamples;

]

/ / SeL the number of classes
public void seLNoOfClasses(int newVal-ue)
{

noOfClasses = newvalue,'
]
/ / F.eset the number of classes
public void resetNoofClasses o
{

noOfClasses = origNoOfClasses;
)

/ / Sex the number of dimension
public void setNoOfDimension(int newValue)
{

noofDimension = newValue;
)
/ / P-eset the number of dimension
public void resetNoOfDimension ( )

t
noOfDimension = origNoOfDimension,'

)

// Set the dataset type (i.e. 'trainr or 'test' set)
public void setDatasetType (String newVal-ue)

{
datasetType = newvalue,'
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)
// F.eset the dataset t1¡pe (i.e. 'Lrain'or'test'set)
public void resetDatasetType (String newValue)
{

datasetType = origDatasetTlpe;
)

/* Search parameter */
/ / set the serach tlpe
public void setsearchT)æe (String newValue)
{

searchType = newvalue;
)
/ / Reset Lhe serach t1çe
public void resetSearchTlpe o
{

searchType = origSearchTlpe;
)

/ / set the search space size
public void setSearchSpace(int newValue)
{

searchSpace = newvalue,'
)
,// neset the search space size
public void resetSearchSpace o
{

searchSpace = origsearchSpace;
)

/ / set the sol-ution size
public void setSol-utionSize (int newValue)
i

solutionSize = newval-ue,'
)
/,/ Reset Lhe sol-ution size
public void resetSolut.ionSize ( )

{
solutionSize = origsolutionSize;

)

/ / set the defaul-t solution size
public void setDefaultSolutionSize (int newValue)
{

def aultSolutionSize = newVal-ue ;

)

// Reset the defauft sofution size
public void resetDefaul-tSolutionSize ( )

{
defaultSolutionSize = origDefauftSolutionSize;

]

/ / set the partial solution size
public void set.Partj-alSolutionSize (int newValue)
{

partialsoJ-utionSize = newValue ;

)
/ / Reset the partial solution size
public void resetPartialSolutionSize o
{

partialSolutionSize = origPartial-Sol-utionSize ;

)
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/ / Set the finaf solution size
public void setFj-nal-SolutionSize (int newValue)
{

finalSolutionSize = newvalue,.
)
,// Reset the fj.nal solut.ion size
public void reset.FinalSolutionSize ( )

{
f ina I Solut. ionS ize = origFina J-Solut. ionSi ze ;

]

/ / SeL the base number of iLerations
public void setBaseNooflterations (int newVal-ue)
{

baseNoOfTterations = newvalue;
)
/ / aeset the base number of iterations
public void resetBaseNoofTterations ( )

{
baseNoOf Iterations = origBaseNoOf Iterations ;

)

/ / Sex the number of iterations
pubÌic void setNoOflterations (int newValue)
{

noOflterations = newValue;
]
// Reset the base number of iterations
public void resetNoof ft.erations o
{

noOf Iterations = origNoOf lt.erations ;

)

/ / set tabu fist size
public void setTabulistSize (int newValue)
{

tabulistSize = newvaluei
]
/ / weset tabu list size
pubJ-ic void resetTabulistsize ( )

{
tabulistSize = origTabulistsize;

)

/ / Set neighborhood size
public void setNeighborhoodSize (int newValue)
{

neighborhoodSize = newval-ue ;

)
/ / Reset neighborhood size
public void resetNeighborhoodSize ( )

{
neighborhoodSize = origNeighborhoodsize,-

)

/ / Set hamming distance val-ue
public void setHammingDistance (int newValue)
i

hammingDistance = newValue,.
)
// neset hamming distance val-ue
public void resetHammingDistance o
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{
hammingDist.ance = origHammingDist.ance ;

)

/ / Set starL. val-ue of dimension
public void setstartDímension(int newVaÌue)
{

startDimension = newValue ;

)
/ / neset start vafue of dimension
public void resetStartDimension ( )

{
startDimension = origStartDimension;

)

/ / set end value of dimension
public void setEndDimension(int newValue)
{

endDimension = newval-ue;
)
/ / neset end value of dimension

public void resetEndDimension o
{

endDimension = origEndDimension;
]

/* tvtultitevel parameters */
/ / set the number of partitions at each l-evel-
public void setNoOfPartitions (int newValue)
{

noOfPartitions = newValue;
]
/ / P.eset the number of partiLions at each level
public void resetNoOfPartitions ( )

{
noOf Partitions = orígNoOf Partitions ;

)

/ / set the number of fevels in the mul-tilevel hierarchy
public void setNoOflevels (int newValue)
{

noOflevefs = newvalue;
)
// Reset the number of levels Ín the multilevel hierarchy
public void resetNoOflevels o
t

noOflevels = origNoOflevels;
]

/ /set the reduction factor across level-s in the multil-evel hierarchy
public void setReductionFactor(int newValue)
{

reductionFacLor = newvalue;
)
// neset the number of levefs in the multílevel hierarchy
public void resetReductionFactor ( )

{
reductionFactor = origReductionFactor;

]
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----End of Parameter. java-

/**.. .

* print.Class.java
* This class provides methods Lhat handle all ouLput print requirements.
* @author Idowu Olayinka OdunLan
* @version August 2005

import java. io. PrintStream;
import j ava . io. FileouLputstreami
import java. io. IoExceptiont
public class printcl-ass
{

PrintStream outputResult ;
parameter paramObj;
String outputMedia, localOutputFile;
public printClass ( )

{
Paramobj = new Parameter O ;

localOutputFile = paramObj, outputFil-eName,'
outputMedi¿ = paramObj.outputlvtedia;
try
{

outputResul-t = new Printstream(new
FiÌeOutputstream(localOutputFile, true) ) ;

)

catch (exception e0)
{

System.out.printfn("Cannot print to outpuL file. . . l ") ;

)

]

public void printHeader (String headerString)
{

if (outputMedia. equals ( " f il-e" ) )

{
outputResult . printfn ( ) ;

outputResult . println (headerString) ;

outputResult . println ( ) ;

)
else if (outputMedia. equals ( " fil-e and screen" ) )

{
outpuLResult . println ( ) ;
outputResult . println (headerString) ;

outputResult . println ( ) ;

System. out. println ( ) ;
System. out .print.ln (headerSLring) ;
System. out . println ( ) ;

)
else
{

System. out.println ( ) ;
System. out . println (headerString) ;

System. out . println ( ) ;
)

)

public void printliteral (SLring literal)

r24
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f (outputMedia. equals ('r file" ) )

outplìtResult . print ( literal ) ;

el-se
{

System. out.print (1iteral ) ;
)

)

pubJ-j-c void printoutput (int [] currentsofution, fl-oat currentvalue, int
noOfRuns)
{

if (outputMedia.equals ("fi1e") )

{
outputResult . prinLln ( ) ;
outputResult . print (noOfRuns+ " \t r' + currentvafue+ " \t\t " ) ;

for(int z= O; z<cùrrentSolution.length; z++)
outputResult.print (currentsolution Iz] +"\t" ) t

)
else
{

system. out . print In ( ) ;
System. out . print (noofRuns+ " \t 'r + currentVafue+ " \t " ) ;

)

)

)

----End of printClass. java-

/**. . .

* randomFS. java
* This class Selects the 'optimal'feature subseLs randomly
* @author fdowu Olayinka Oduntan
* @version 2005-Feb-21

pubJ-ic class randomFS
{

parameter localParamObj ;
localOptimum localOptimumObj ;

init ial Sol-ut i-onManager ini t ia f Solut ionOb j ;

int locafStartDimension, localEndDimension, localsol-utionSize,
randomsolutionSetsize. l-ocafNoOf IteraLions ;
public int tl tl randomSolutionSet;
pubtic int IJ randomOptimalSolution;
public float [] randomoptimal-Sol-utionValues,'
public float randomOptimalValue =1000000f ;
public int randomSearchCost = 0;

/ / Create initial solution
/ / GeneraLe random solutions
/ / Find the best amongst the randomly generated set

public randomFs (parameter paramObj )

{
l-ocalParamobj = paramObj ;

loca]startDimension = locafParamObj, startDimension;
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localEndDimension = localParamobj . endDimension;
localsolutionSize = focalParamObj . sol-utionSize;
local-NoOfÍterations = localParamObj .nooflterations;
randomsolutionsetsize = localParamObj .neighborhoodSize *
local- ParamOb j . noOf f terat ions ;

init iaISolut ionOb j = new initiaISolut. ionManager ( l-ocalstartDimens ion,
local-EndDimension, localsolutionSize) ;

Ìocaloptimumobj = new localOptimum(localParamobj) ;

randomsoluLionset = ner¡r int IrandomSolutionSetsize] [focalsolutionSize] ;

randomOptimalsolut ionvalues = new f l-oat IrandomsolutionsetSize],'
)

pubtic int I optimalRandomsearch ( )

{
f or (int i=0; icrandomsofutionSetSize,' j-++)

t
randomSol-ut ionSet I i ]
( int tl ) initialsolutionobj . starterlnitial-Solution ( ) . cÌone ( ),'
randomopt imal Sol-ut ionVal-ues I i ]
localoptimumObj . computeobjVafue (randomSolutionSet Ii] ) ;
randomSearchCost++;
)

for(int m=0i m<randomsoluLionSetSize-1; m++)

{
for (inL n=O; n<randomsol-utíonSeLSize-1-m,' n++)

{
if (randomOpLimalsolutionVatues [n] < randomOptimal-solutionValues [n+1J )

{
ffoat templ = randomOptimalsolutionVafues [n] ,'

randomoptimaf Sofut ionValues In] = randomoptimalsolut ionvaf ues In+ 1 ì ;
randomOptimalsolutionValues [n+1] = templ;
int. tl temp2 = ( int Il ) randomsolutionset [n] . clone ( ) ;
randomsolutionSet [n] = ( int [] ) randomsolutionSet [n+1] . clone ( ) ;
randomsolutionSet [n+1] = (int [ì ) tempz . clone ( ) ;
)
)
]
i f ( randomOpt imal Solut ionVaf ue s I randomSolut ionSetS i z e -
1 I < =randomOpt imalValue )

t
randomOptimafSol-ution = (int [] ) randomsofutionSet IrandomSolutionSetSize-
l-l .cfoneO;
randomOptimalVal-ue = randomOptimalsofutionVafues IrandomsolutionsetSize-
1l;
)

return ( int tl ) randomOptimalSolution. cl-one ( ) ;
)

)

--End of randomFS. java--

* rankFeatureSubset. java
* This class ranks a subset of feature based on discriminatory capability
* @author Idowu Olayi-nka Oduntan
* @version 2005-Feb-21-

public cl-ass rankFeaturesubset
{

pubtic intIJ solutionSubset;

t26
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public float besLRankValue;
public int rankingcost = 0;
public j-nt [] rankedSubspace;
obj ectiveFunction obj Function;
inL [] bestRanked;
int [] bestRankedÀrrays;
int [] l-ocalCurrentSubsets;
int Il tl focal-CurrentSubsetArrays;
int [] rankedSubseLs;
int tl tl rankedSubsetÀrrays;
f loat [ ] rankVal-ues ;

f loat ob j Funct.Val-ue;
boolean subsetÀrrays;

public rankFeaturesubset(parameter paramObj, int [] givensubsets)
{

/ /Gex the training datasets
objFunction = new objectiveFunction(paramObj ) ;
IocafCurrentsubsets = ( int [] ) givenSubsets. clone O ;

rankedSubsets = (int [] )givenSubsets.cloneO ;

bestRanked = new int [1] ;
rankValues = new float lgivensubsets. length] ;

subsetArrays = faJ-se;
)

pub]ic rankFeatureSubset (parameter paramObj, int [] [] givenSubsets)
{

/ /eet tlne training datasets
objFunction = new objecLj-veFunction(paramObj) ;

focalCurrentsubsetArrafs = ( int [] [] ) gÍvensubsets . clone O ;

rankedSubsetArrays = (int [] [] ) givensubsets. clone ( ) ;
besLRankedÃrrays = new int [givenSubsets [0] .IengthJ ;

rankVal-ues = new float lgivenSubsets. length] ;

subsetArrays = true;
)

public int [] rankingSubset. ( )

{

if ( I subsetArrays)
{
for(int i=0; i<localCurrentsubsets.length; i++)
{
int [] tempSolution = new int [1] ;
tempSolution [0J = loca]-Currentsubsets Ii] ;

rankingCost++;
rankVal-ues Ii] = objFunction.meanSquareError (tempSolution) ;

)

/ / Order the subsets in descending order of ranking criterion
for(int j=o; j<locaÌCurrentsubsets.length-1-r j++)
{
for(int k=0; k<focal-Currentsubsets.length-1-j,' k++)
{
if (rankValues [k] < rankvalues [k+1] )

{
f l-oat' templ = rankvalues [k] ;
rankValues [k] = rankval-ues [k+1] ;

rankvalues[k+1] = templ;
int temp2 = rankedsubsets [k] ;
rankedSubsets [k] = rankedsubsets [k+1J ;

rankedSubsets [k+1] = temp2;



APPENDIX A. CODE LISTING OF THE MULTILEVEL FEATURE SELECTION ALGORITHM 128

rankedsubspace = (int [] ) rankedSubsets. clone O ,'

/ /The best subset is the lasL array element.
bestRanked[0] = rankedsubsets IlocalCurrentsubsets. Iength-1J ;

//The best subset value is the last array e]ement.
bestRankValue = rankValues IlocalCurrentsubseLs. Iength-11 ;
return ( int tl ) bestRanked. clone ( ) ;

)

ef se
{
for (int i=0,' icfocafCurrentsubsetArrays. length; i++)

rankingCost++;
rankValues Ii]
obj Function. meansquareError ( ( int t I ) f ocal-CurrentsubsetArrays I i] . clo
neO);
)
for(int j=o; jcfocalCurrenLsubsetArrays.Iength-1; j++)
{
for(int k=0; k<focalCurrentsubsetArrays. Iength-1-j ; k++)
{
if (rankValues [k] < rankValues [k+1] )

{
ffoat templ = rankvalues [k] ;
rankValues [k] = rankvalues [k+1] ;

rankValues [k+]-l = templ;
int [] Lemp2 = (int il ) rankedSubsetArrays [k] . clone ( ) ;
rankedSubset.Arrays [kì = ( int [] ) rankedSubsetArrays [k+r] . cfone ( ) ;
rankedSubset.Arrays Ik+1J = (ínt [] ) temp2 . cl-one ( ) ;

,//The best subset is the last array element.
bestRanked = (int [] ) rankedSubsetArrays IlocalCurrentSubsetArrays. length-
1l.cloneO;
/ /tne best subset value is the last array element.
besLRankvaf ue = rankValues []-ocalCurrentsubsetÀrrays . length- 1l ;
return (int [] ) bestRanked.cloneO ;

----End of rankFeaturesubset. java-

* refiner.java
* This cl-ass generates an i-mproved solution from a }ess coarse
* feature subspace using solution from an immediate coarser feature space
* @author Idowu Olayinka Oduntan
* @version August 2005

public class refiner
{

public int multilevelCost = 0;
int tl tl l-ocal-LevelSubSpaces;
int tl il locafLevelSubspaceswj-thcomponents;
int [] f ina]Ref ineSol-ution;
int tl tl f inal-Ref ineElitesolution,'
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int [] initialSolution;
int tl tl initialEliteSol-ution;
int solutionSize, localNoOflterations, localEl-itesize, IocalSampl-eSize.
localClusterWindowS i ze ;
f loat f inalRef ineSolutionValue ;
f loat [] f inalRef ineEliLeSolutionValue ;

float [] [] IocalGlobalDataset;
f l-oat initialRef ineSolutionValue ;
float [] initiafRef ineEliteSolutionValue ;

float [] tempFinalRef ineEliteSolutionvalue ;

floattl tl tl tempNewDataValues;
int tl tl tempFinalRefinesl-iteSolution;

parameter paramObj;
initial-SolutionManager initialsolutionobj, withinlnitSolutionObj ;

localOpt imum localOpt imumObj ;

/ / p.efiner for single solution variable pre-setting coarsening strategy
refiner(int il il givenlevelsubSpaces, parameter givenParam)
{

paramObj = givenParam;
locallevefSubSpaces = (int [] [] ) givenlevelsubSpaces. clone ( ) ;

localNoOf ILerat.ions = paramObj .noOflterations;
paramObj . resetsol-utionSize ( ) ;
sol-utionSi2s = paramObj . solutionsize;
finalRefineSolution = (int [] )refineprocessO .cloneO ;

paramObj . resetTabulistSj-ze ( ) ;
paramobj . resetNeighborhoodSize ( ) ;
paramObj . resetNoOf Iterations ( ) ;

)

/,/ pefiner for elite solution set with variabfe pre-setting coarseni-ng
strategy
refiner(intIJ [] givenl,eveÌSubSpaces, parameter givenParam, int eÌíteSize)
t
paramObj = givenParam;
l-ocalEf iteSize = elit.eSize;
locall,evelsubSpaces = (int | il ) givenlevelsubSpaces.clone O ;

l-ocal-NoOflterations = paramObj .nooflterations ;
paramObj . resetSofutionSize ( ) ;
solutionsize = paramObj . solutionSize;
f inalRef ineEliteSol-ution =
(int tJ [] ) refineProcess (localEliteSize) .cl-one O ;
tempFinalRefineEl-iteSolution = (int [] [] ) finalRefineEliLeSolution.cl-one O ;
tempFinalRef ineEl iteSol-ut ionValue =
(f loat [] )f j"nalRef j-neEliteSolutionVal-ue. clone O ,'

for(int i=0,- i<initialEliteSolution.length,' i++)
{
System.ouL.println("Initial elite solution set") ;
System. out.print ( inj-tialRefineEliteSolutionValue Ii] +" \t" ) t
for(int j=o; jcinitialEliteSolution[0] .length; j++)
t
System.out.print (initíalElitesolution til tj I +t'\t" )'
)

)

System. out .printl-n ( ) ;
for(int i=0; icfinalRefineEÌiteSol-ution.length; i++)
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{
System.out.println ( "Final elite solution set" ) ;
System.out.print (finalRefj-neEliteSolutionvalue Ii] +"\t" ) ;
for(int j=o; jcfinalRefineEfiteSotution[0ì .length; j++)
{
System.out.print (finalRefineEliteSolution Ii] [j l +"\t" ) ;

]
)

System. out . println ( ) ;
for(int j=O; j<finalRefineEliLeSolution.length-1; j++)
{
for(inL k=0; kcfinafRefineEfitesolution. length-1-j ; k++)

{
if ( tempFinalRef ineEI iteSolut ionValue Ik]
tempFinalRef ineEl iteSolutionValue Ik+1] )

{
f loat tempt = tempFinal-Ref ineEl-itesolutionVal-ue [k] ;

tempFinalRef ineEl iteSolut ionValue Ik]
tempFinatRef j-nesI i teSolut ionValue Ik+1 ] ;

tempFinalRef ineElitesolutionvalue [k+1] = temPl ;

int tl temp2 = (int tl ) LempFinalRefineEl-iteSolutionIk] .cIone O ;
tempFì-naIRef ineEl iteSolut ion Ik]
(int tl ) tempFinalRefineEl-iteSofution [k+r] . cl-one ( ) ;
tempFinalRefineEliteSolution [k+1] = ( int [] ) temp2 . clone O ;

finalRefineSofuLion =

tempFinalRef ineEl itesolut ion I f inalRef ineEl itesof ut ion . Iength- 1 I ;

f inalRef ineSolutionValue =

tempFinaÌRefineEliteSolutionVafueIfinalRefineEliteSolution.length-1J;
paramobj . resetTabulist.size ( ) ;

paramobj . resetNeighborhoodSize ( ) ;
paramObj . resetNoof lterations ( ) ;
)
//nefine for single sofution with cl-ustered coarsening strategy
refiner(int IJ il givenLevelsubSpaces, int i] tl
givenSubspacesVtithComponents, parameter givenParam)
{

paramObj = givenParamt
focal-Global-Dataset = (floaL [] [] )paramobj.global-Dataset 'cloneO ;

l-ocallevelsubSpaces = (int Ii Il ) givenleveJ-SubSpaces.clone O ,'

l-ocaf Level- SubSpacesWithcomponent s =
(int tJ [] ) givenSubspacesWíthcomponents.clone O ;

localNoOf Iterations = paramObj .noOf lterations ;

paramObj . resetsolutíonSize ( ) ;
soluLionSi2s = paramObj . solutionSize;
localSampleSize = paramObj.globalDataSet.length;
focalClusterWindowSize = paramObj . clusterWindow;

f inal-Ref ineSolution =
(int tJ ) ref ineProcess (givenSubspacesWithComponents) . clone ( ) ;

paramObj . resetTabul,istSize ( ) ;
paramObj . reseLNeighborhoodSize ( ) ;

paramObj . resetNoof f terations ( ) ;

)

/ /Refíne processing for single solution with variable pre-setting
coarsening
public int [ì refineProcess ( )

{
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initialSolutionObj = new
ini t ialsolut ionManager ( localLevel SubSpaces I localLevelSubSpaces . len
gth-11 , sol-utionsize) ;

initialSolution =
(j-nt tl ) initialsolutionObj . starterlnÍtial-Sofution (Lrue) . clone ( ) ;

for(int i=localLevelsubSpaces.length - 1; i>=0; i--)
{
if (tocalleve]-subSpaces Ii] . length < paramObj .tabulistSize)
paramObj . setTabulistSize (10 ) ;
if ( (locatlevelsubSpaces Ii] . ]ength < paramObj .neighborhoodSize) )

paramObj . setNeighborhoodSize (15) ;
paramObj . setNooflterations ( (local-LevelSubspaces. J-ength -
i ) *focalNoOf f terations ) ;
local-optimumobj = new localoptimum (paramobj , locallevelSubSpaces Ii] ) ;
initialSofution =
( int [] ) IocaloptimumObj . Iocaloptimumsearch ( initialSolution) . clone ( ) ;
multilevelCost = mul-Li ]evef Cost + localOptimumObj . computationcounter i
]
paramObj . resetTabuListSize ( ) ;
paramObj . resetNeighborhoodSize ( ) ;
paramobj . resetNoOf Iterations ( ) ;
f inaf Ref ineSol-ut ionValue = J-ocalOptimumobj . localOptimumVal-ue ;

return (int [] ) initiafSofution.cl-one O ;

)
public int. I refineProcess (int IJ Il givenSubspaceWithcomponents)
t
tempNewDatavalues = new
ftoat []-ocallevelsubSpaces. lengthJ IlocalSampleSize] [] ;

tempNewDatavalues IO] = (float [] [] ) Ìoca]Gl-obalDataseL.cloneO ;

int tl tl local-subspacewithcomponents =
(int Ii [] ) givenSubspacewithcomponents. clone ( ) ;
initialSolutionObj = new
initiaÌsolutionManager (focalLevelsubSpaces IlocafLeveISubSpaces. Iength-1ì ,

solutionSize) ,'

i-nitialSolution =
(int IJ ) initiatso]uti-onObj . startrerrnitiaÌSolution (true) . clone ( ) ;
for (int i=1; i<localLevelSubspaces . length; i++)
{
floaL [] [] tempval-ues = new
fl-oat ItocalsampleSize] [locaflevelsubSpaces Ii] . lengthl ;

for(int j=o; jclocalSampleSize; j++)
{
f or (int k=0; k<locallevel-Subspaces Ii] .length,' k++)
{
int windowCounter = 0,'
f l-oat nevrDataValue = 0.0f ;

int componentcounterl = (localCl-usterWindowSize+1) *k + 1i
for(int m=componentCounterl; m<componentCounterl+l-ocalCl-usterWindowSize;
m++)

{
if (m<l-ocalsubspaceWithcomponents Ii] . length)
{
newDataValue = newDatavalue + tempNewDataVal-ues [i-
1l Ij ] [loca]-Cl-usterWindowSize*k+windowCounterl ;
windowCounter++ ;

]
)
tempvalue s i j I tkl =newDatava lue /windowCount er ;

)
tempNewDataval-ues Ii] = (f loat [] [] ) tempval-ues. clone O ;
)
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)
for(int i=locallevelsubSpaces.length - 1; i>=0; i--)
{
paramObj . setTempclobalDataset (locaILevel-SubSpaces IiJ,
localsubspacewithcomponents Iil , tempNewDaLavalues Ii] ) t
if (locatleveJ-subSpaces Ii] . length < paramObj . tabulistSize)
paramObj . setTabulistSize (10) ;

i-f ( (locallevelsubSpaces Ii] . length < paramobj .neighborhoodSize) )

paramObj . setNeighborhoodSize (15) ;

// set the number of iteration for the given coarse subspace.
paramObj . setNoOflterations ( (IocallevelSubSpaces. length -
i ) *local-NoOf TteraLions) ;

localOptimumobj = new localOptimum(paramobj, l-ocal-LeveISubSpaces Ii] ) ;
if (i-==localI,evelSubSpaces. length - 1)

{
initiafSoluLion =
( int i I ) localopt imumObj . local-Opt imumsearch ( init iatsolut ion) . cfone ( ) ;
multilevel-Cost = mult il-evelCosL + localOptimumObj . computat ioncounter ;

)
efse
{
int [] templnitiafSol-ution = (int [] ) initialsolution.cfone O ;

int [] templnitialSolutionSpace = new
int lparamObj . clusLerWindow*so]-utionSizel ;

int initialSolutionSpaceCounter = 0;
for(j-nt m=0r m<templnitialSofution. length; m++)

{
for(int j=O; j<localLevelsubSpaces Ii+1] .length; j++)
{
int indexCounLer = j* (paramObj .clusterWindow+1) ;

i f ( templnit ialSolut ion Im] == lssalsubspacew j-thcomponent s I i+ 1 ] [ indexCounter]
)

{
for(int n=0,' n<paramObj.cfusterwindow; n++)
{
templnit ial-Solut ionSpace I init iaf Solut ionspacecounter]
localsubspacewithcomponents Ii+1] [++indexCounter] ;

init ial-Solut ionSpaceCounter++,'
)
break;

int nonZerocounter = 0;
for(int j=o; jctemplnitial-Solutionspace.length; j++)
{
if (tempÏnitialsofutionspace tj I ! =0)
nonZeroCounter+ + ,'

)
int initiafCount.er = 0;
int [] init j-al-SolutionSpace = new int lnonZeroCounter] ,'

System.out.println('rThe val-ues of templnitiafSolution: rr),'

for(int j=o; jctemplnitialSol-utionspace.length; j++)
{
System. out.print (templnitialsoluLionSpace Ij ] +"\t" ) ;

if (templnitialsolutionspace tj I I =0)
{
init ialsolutionSpace I initia]-Counterl = tempf nitialsolutionSpace I j J ;
init ialCounter++;
)
)
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System.out.println("The solutj-on of new feature space:
" +initj-alSolutionSpace. lengLh) ;

withinlnitso]utionObj = new iniLiafSolutionManager(initj-alSolutionSpace,
solutionSize);
int [] templnitiafSolution_2 =
( inc tJ ) withinlnitsolutionobj . starterlnitialsolution (true) . clone ( ) ;
initialSolution =
(int tJ ) localopt.imumObj.IocalOptimumsearch(templnitiafSoluLion 2) .clone O ;
)
paramObj . resetTempclobalDataset ( ) ;
)
f inalRef ineSolutionVaLue = localoptimumobj . localOptimumVal-ue ;

paramObj . resetTempGlobalDataset ( ) ;
paramobj . resetTabulist.size ( ) ;
paramObj . resetNeighborhoodSize ( ) ;
paramobj . resetNoof Iterations ( ) ;
return (int [] ) initialso]ution.c]one O ;

)
/ /nefine processing for elite solution set with variabl-e pre-setting
coarsening
public inttl tl refineProcess(int eliteSize)
{
initialEliteSofution = new int Ie1íteSize] [] ;

initialRefineEliteSolutionValue = new float leliteSize] ;

finalRefíneEliteSolutíonVal_ue = new float leliteSize] ;

initialsolutionObj = new
initialsolutionManager (l-ocafLevelsubSpaces ItocafLevelSubSpaces. length-J-J ,

solutionSize);
objectiveFunction objFunction = new objectiveFunction (paramObj ) ;

for(int i=0,' icefiteSize; i++)
{
initiaf EliteSolut Íon Ii]
(int [] ) initialsolutionObj . starterlnitiafSolution (true) . clone ( ) ;
init ialRef i-neE1 iteSol-ut ionVal-ue I i ]

objFunction.meansquareError ( initialEliteSolution Ii] ) ;
)

for(int j=O; jceliteSize; j++)
{
for(int i=local],evelsubSpaces.length - 1; i>=0; i--)
{
if (l-ocaflevelSubSpaces Ii] . length < paramobj . tabulistSize)
paramObj . setTabulistS j-ze ( 10 ) ;
if ( (tocatleveJ-SubSpaces Ii] . length < paramObj .neighborhoodSize) )

paramObj . setNeighborhoodSize (15) ;
paramObj . setNooflterations ( (Iocall,evelSubSpaces. Iength -
i ) * f ocalNoof Iterations ) ;

localoptimumObj = new l-ocaloptimum(paramObj, locallevelSubSpaces Ii] ) ;
initialEliteSolution I j ]
(int tl ) localOptimumObj . localOptimumsearch (initialEliteSolution Ij ] ) . clone (

);
multil-evel-Cost=muLLilevefcost+locaJ-OptimumObj.computationCounter;
)

paramObj . resetTabulistSize ( ) ;
paramobj . resetNeighborhoodSize ( ) ;
paramObj . reset.Noof f terations ( ) ;

finalRefineEliteSolutionvalue Ij] = local-OptimurnObj.locaIOptimumValue;
)
return (int tl [] ) initialel-iteSolution. clone ( ) ;
)
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I -End of refiner. j ava-

* SFS.java
* This class implements the SFS (SequenLial Forward Selection) technique
* @author
* @version

Idowu Olayinka Oduntan
August 2005

public class SFS

{
public float optimafVal-ue;
public int SFSCost = 0;
parameter l-ocalParameter;
int locafSolutionSize, featureSpaceDimension,'
int [] opLimalSubset;
int [] originalFeatureSet;
float [] solutionValueSet;

public SFS (parameter paramObj )

{
localparameter = paramObj;
focalsolutionSize = IocafParameter. solutionSize;
featureSpaceDimension = IocalParameter. noofDimension;
originalFeatureset = ne\t int IfeaturespaceDimension] ;

for(int i=O; i<featurespaceDimension; i++)
{

originalFeatureSeLlil = i+1;
)

rankFeatureSubset rankingObj = new rankFeaLuresubset (local-Parameter,
originalFeatureSet ) ;

/ / Genera|ue initial soluLion
optimalsubset = (int t1 )rankingObj.rankingsubset O .cloneO ;

SFSCost = SFSCost + rankingobj.rankingCost;

]

public SFS(parameter paramObj, int[] givenFeaturespace, int
newSol-ut ionS i ze )

{
l-ocal-parameter = paramObj ;

localsol-utionSize = newsolutionSize ;

featurespaceDimension = givenFeaturespace. length,'
originalFeatureset = ( int [] ) givenFeaturespace. cÌone O ;
rankFeaturesubset rankingobj = ne\À¡ rankFeatureSubset (locaIParameter,
originalFeatureSet ) ;

/ / GeneraLe initíaI solution
optimalsubset = (int Il ) rankingobj .rankingsubset O .cloneO ;

SFSCost = SFSCost + rankingObj.rankingCost;
)

public int tl tl generateNewsolutionsubset (int [] currenlsol-ution)
{
int [] tempOriginal-Features = (int Il ) originalFeatureset. c]one ( ) ;
int featurespacesize = featureSpaceDimension - currentsoluLion.length;
int tl tl solutionSubsets = new
int IfeatureSpaceSize] [currentso]-ution. length+1J ;

int [] remainj-ngFeatures = new int IfeatureSpaceDimension-
currentsolut ion . l-engthl ;
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ínt m=0;
int n=0;
/ / Assign the current sol-ution to al-l the subsets in the sofutionsubsets
for(int i=O; i<featurespacesize; i++)
for (int j=0; j<currentsol-ution. Iength; j++)
sol-utionSubsels til tjl = currentsolutionIjJ ;

/ / øegín: Find the features that are in the feature space but not in the
current sol-ution set
for(int j=o; j<featurespaceDimension; j++)
{
//boolean statusFlag = false;
int k=0;
whi te ( k< currentSolut ion. length)
{
if (temporiginalFeatures Ij ] ==currentsolution Ik] )

{
temporiginatreatures Ij] = 0;
break;
)
k++;
)
)
whif e (m<tempOriginalFeaLures . f ength && n<remainingFeatures . length)
{
if (temporiginalFeatures [m] ! =0)
{
remainingFeatures [n] = tempOriginal-Features [m] ;

n++;
)
m++;
)
/ / Enð,: Find the features that are in the fealure space but not in the
current so]ution set

for(int i=O; icfeaturespacesize; i++)
{
solutionsubsets Ii] [currentso]-ution. lengthJ = remainingFeatures Ii] ;

)
return (int Il [] ) solutionSubsets. clone O ;

)

public int IJ fj-ndOptimalSubset ( )

{
int [] currentSolution,'
current.solution = (int [] ) optimalsubset. cfone O ;
f or (int i=0 ; i<l-ocal-Sof utionSize; i++ )

{
System. out.println ( ),'
for(int r=0; r<currentsolution.length; r++)

System.out.prínt (currentsolution Ir] +"\t" ) ,
int tl tl currentsolutionSubset =
( int tl I J ) generateNewSolutionsubset ( ( 1nt t J ) currenLSolution. c]one ( ) )

. cl-one O ;
rankFeatureSubset rankingObj = new
rankFeatureSubset ( localParameter.
(int IJ [] ) currentSol-utionSubset. clone O ) ,'

currentsolution = (int. [l )rankingobj .rankingsubset O -clone O ;

// neturn the OPTTMÀL feature subset
SFSCost = SFSCost + rankingobj.rankingCost;
optimal-Value = rankingObj .bestRankValue;
]
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System. out.prinLln ( ) t
System.out.print("\n The computational cost for SFS is:
'r +SFSCost+ 'r \nr' ) ;

return ( int tl ) currentsolutj-on. cfone ( ) ;

)

-End of SFS---

* tabulist.java
* i-mpÌements tabu fist in tabu search
* The Labu list is implemented as a prioritized queue
* @author Ïdowu O. Oduntan
* @version August 2005

public class tabul,ist
{

public int tabulistlength;
pubJ-ic int noOftabulistElements ;
public int tl tl tabuElements;
pubJ-ic float [] tabuValues;
public int bottomQueueCounteri
public boolean foundlnTabulist ;
public int elj-minateTndex;
public int tabuEffectCounter;

/ / Proper tabu list construct
public tabulist (int tabulength, int noOfEfements, parameter paramObj)
{
tabulistlength = tabulength,'
noOftabulistEl-ements = noofElements ;

tabuEl-ements = new int ltabul-istT,engthl [noOftabulistElements] ;

tabuValues = new ffoat Itabulistlength] ;

bottomQueuecounler = 0;
if (paramObj .optimumT)æe.equals ( UMIN" ) )

el-iminatelndex = 0,'
el-se

el-imi-natelndex = tabulistlength- 1 ;

for (int i=0; ictabulistlength; i++)

for (int j=o; jcnooftabulistElements; j++)
tabuElementstil tjl = 0;

tabuValuesIi] = 10000000f;

public void addToTabu(int [] solution. float tabuSolutionValue)
{

boolean tabuchecker = checklnTabu( (int [] ) solution.cl-oneO ) ;

for(int m=0; m<tabulistlength-1; m++)

{
for(int n=0; n<tabulistlength-1-m; n++)
{
if (tabuValues [n] < tabuval-ues [n+1] )

{
floaL templ = tabuValues [n] ;
tabuValues [n] = tabuValues [n+1] ;

136
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tabuVal-ues In+1] = templ;
j-nt [] temp2 = (int tl ) tabuElements [n] . clone O ;
tabuEl-ements [n] = (int [] ) tabuelements [n+1] . clone ( ) ;

tabuElements [n+1] = (int [] ) temp2 . clone ( ) ;
)
)
)
if ( ! tabuChecker)
{
for (int i=0; i<noOftabulistElements; i++)
tabuElemenLs [e]-iminatelndexl Ii] = sofutionIi] ;

tabuVal-ues Ieliminatelndex] = tabuSol-utj-onValue;
)
)

public void removeFromTabu o
{

for (int i=0,' i<tabul,istLength-1; i++)
for (int j=0; jcnooftabulistElements; j++)

tabuEfementstil tjl = tabuElementsIi+]"1 tjl ;

)

131

public bool-ean checkrnTabu(int [] solution)
{

foundlnTabulist = false,'
int tabulist.Counter = 0,'
whi 1e ( tabul,istCounter<tabul,istLength)
{
int sofutioncounter = 0;
whj-le (solutionCounter < solution.length &&
(tabuEl-ements Itabu]-istCounter] [so]-utionCounterl ==solution IsolutionCounter
l))
{
solut ioncounter+ + ;

)
if ( solutionCounter>=solution. lengt.h- 1 )

{
foundlnTabulist = trl1e,'
'hrô-L.

)
tabuI,i stCounter++ ,'

]
if ( foundlnTabulist )

tabuEf f ect Counter+ +,'
return f oundlnTabulist ;

)

---End of tabulist. java-

/**...
* This cl-ass coordinates the overa]l searches and Lhe generated solutions
* @author ldowu olayinka Oduntan
* @version August 2005

publíc class testcoarseAlgorithms
{

public static void main(String[] args)
{
Classif ier classif ierObj ;
parameter initParamObj = ne* parameter ( ) ;
printClass printobj = new printClass O ;
int localNoOfLevels, local-NoOfRuns, local-RandomnessFactori
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int [] testCoarseSpace;
int [] tl locafFeatureSubspacewithcomponents,
int tl Il leveÌSubSpaces;
int [] finalSolution;
f loat f inalSolutionValue ;
float meanAccurac! = Qf;
fl-oat meanAccuracyTB = 0f;
fl-oaL meanObjFunct = 0f;
float meanObjFunctTB = 0f;
ffoat sLandardDeviation = 0f;
ffoat standardDeviationTB = 0f;
double stdÀccuracy;
double st.dÀccuracyTB,'
f loat [] classifyAccuracyValues ;

f loat [] classifyAccuracyValuesTB ;

f loat [] classifyAccuracyValuesRFS ;

float [] deviationValues ;
float [] deviationValuesTB;
float [] deviat.ionValuesRFS ;

floaL [] obj FunctValues;
float [] objFunctVa]uesTB;
float [] objFunctvaluesRFS;
String outpuLFiìe;
String levelVarj-abl-es ;
l-ocalNooflevels = initParamobj .noOflevels,'
ÌocalRandomnessFactor = initParamObj . randomnessFactor;
outputFile = initParamobj .outputFileName;
locafNoofRuns = initParamobj .noOfRuns;
classifyÀccuracyValues = new float []-ocalNoOfRunsl ;

classifyÀ,ccuracyValuesTB = new ffoat IlocalNoOfRuns] ;

classifyAccuracyValuesRFs = new float [loca]-NoOfRunsl ;

deviationVafues = new ffoat IlocalxoofRuns] ;

deviationValuesTB = new ffoat llocall¡oOfRuns] ;

deviationValuesRFs = new float IlocalloOfRuns] ;

objFunctvalues = new fl-oat IlocalNoOfRunsi ;

objFunctValuesTB = new float [localNoOfRuns] ;

objFunctValuesRFs = new float []-ocalnoOfRunsl ;

String literal;
float [] tempClassifyAccuracyvalues = new ffoat Iloca]RandomnessFactorl ;

float [] tempFinafsol-utionValues = new fl-oat IlocafRandomnessFactor] ;

int tl tl tempFinalSolution = new
int []-ocalRandomnessFactorl IinitParamobj . solutionSize],'

System.out.println("SLarts processing. . . ") ;
printObj.printHeader("\n\nFinal seleclion sotution \n\nRunNo \t
objecLiveFunctvalue \t 'optimal' Subset" ) ;
for(int k=O; kcfocalNoOfRuns; k++)
{
parameter paramobj = new parameter ( ) ;
dataClass dataObj = new dataclass (paramObj ) ;

int [] featureSolutionSpace = new int [1500] ;

levelsubSpaces = new int []-ocalNooflevelsl [] ;

for(int i=0; i<1500,' i++)
{
featureSolutionSpace IiJ = i+1;
]
literal = "\n\nMultil-evel resul-t for 3-1eve1s; reduction factor 3; random
coarsening; no of basic iteration 5";
printobj . printliteral ( literal ) ;
for(int j=o; jclocalRandomnessFact.or; j++)
{

// Set the no. of levels and the no. of iterations at l-evels.
paramobj.setNoOflterations (5); //Set no. of iteration to 50;



APPENDIX A. CODE LISTING OFTHE MULTILEVEL FEATURE SELECTION ALGORITHM t39

testcoarsespace = (int [] ) feat.ureSolutionSpace. clone ( ) ;
coarser coarseobj = new coarser (paramObj ) ;

coarseobj.randomCoarsen( (int [] ) testCoarseSpace.clone O ) ;
leveÌsubSpaces = (int [ì [] ) coarseobj . featureSubspacePartitions . c]one ( ) ;
refiner refinerObj = new refíner(levelSubSpaces, paramobj) ;

tempFinalsotution lj J = ( int [] ) refinerObj . finalRefineSol-ution. cl-one O ;
tempFinalsolutionVal-ues I j ] = ref inerobj . f inalRef ineSolutionvalue ;

printObj .printOutput (tempFinalsolution Ij ] , tempFinalsolutionvaJ-ues Ij ì ,

t\¡

classifierobj = new Classifier ( (int Il ) temprì-nalsolution lj ] . clone O ,

paramObj ) ;
tempcì-assifyÄccuracyvalues IjJ = classifierobj.classificationÀccuracy;
Iiteral = "\nTrainset Classification accLrracy:
" +classifierObj . trainClassificationÀccuracy+ r'? " ;
printobj .printliteraf (literaf ) ;

literal = t'\nlndependent TesLset Classification accuracy:
" +cl-ass i f ierob j . class if icat ionAccuracy + " 2 " ;
printobj . printl,iteral ( f iteral ) ;

System.out.println("Computation cost of Muftilevel- FS:

" +ref inerObj . mult. ilevelCost+ " \nr' ) ;

//neset the no. of levels and the no. of iterations at levels.
paramObj.resetNooflterations O ¡ //reseL no. of iteration to default
va1ue,'
paramObj.reset.NooflevelsO; //Set no. of l-evels to defauft value;
)

// ilraíníng and cl-assification using muftilevel search wiLh different no.
of fevels
literaÌ = "\n\nMultitevel- resu]t for 3-1eve1s; reduction factor 3; random
coarsening; no of basic iteration 10";
prinLobj . printLiteral (1iteral) ;

for(int j=0; j<local-RandomnessFactor; j++)
{

// set the no. of ]evels and the no. of iterations at l-evefs.
paramobj.setNoOflterations (Io); //set no. of iteration to 50;
//paramobj.seLNooflevel-s(2) ¡ //Set no. of levefs to 2;
testCoarsespace = (int [] ) featuresolutionSpace. clone ( ) ;
coarser coarseObj = new coarser (paramObj ) ;
coarseObj .randomCoarsen( (int [] ) testcoarsespace-clone O ) ;
levelSubSpaces =
(int tl [] ) coarseObj . featureSubspacePartitions. cl-one ( ) ;

refiner refinerobj = new refiner(levelSubSpaces, paramobj) ;

tempFínai-Solut íon I j ]
(int tl ) ref inerObj . f inalRef ineSol-ution. cl-one O ;
tempFinal-solutionVal-ues I j ] = ref inerobj . f inalRef íneSolut ionValue ;

printobj .printoutput (tempFinalsolution Ij ] ,

tempFinalsoLutionValues [j], j) ;

classifierobj = new
Classifier( (int [] )tempFinalsolutionljl .cloneO, paramobj) ;

tempClassíf yAccuracyValues I j ]
classif ierObj . classif icat ionÀccuracy;
literal = "\nTrainset Classification accuracy:
" +cfass i f ierObj . tra inCfass i f icat ionAccuracy+'r å " ;
printObj .printliteral (literal) ;

literaf = "\nlndependent Testset Classification accuracy:
" +class if ierobj . class if icat iorÀccuracy+ r' ? " ;
printObj . printliteral- ( literal ) ;
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System.out.println ('rCompuLation cost of Mul-Lilevel FS :

"+ref inerObj .multitevefcost+"\nI' ) ,'

//F.eset the no. of l-evels and the no. of iteraLj-ons at Ìevels.
paramObj.resetNoOflterations O ¡ / /reset no. of iteratj-on to
def ault val-ue;
paramobj .resetNooflevels (\ ; / /Set no. of levels to default value,'
Ì

/ / rraíníng and classification using multifevel search with
different no. of levels
fiteral = "\n\nMultilevel- result for 3-levefs; reduction factor 3;
random coarsening; no of basic iteration 15";
printobj .printliteral (literal) ;
for(int j=o; j<l-ocalRandomnessFactor; j++)
{
// SeL the no. of level-s and the no. of iterations at l-evefs.
paramObj.setNooflLerations (I5); //set no. of iLeration Lo 50;
//paramobj.setNooflevels(2) ; //Set no' of leveJ-s to 2;

testcoarsespace = ( int [] ) featureSo]utionSpace. cfone O ;

coarser coarseObj = new coarser (paramObj ) ;
coarseobj . randomCoarsen ( (int [] ) t.estcoarsespace. cfone O ) ;
IevelSubSPaces =
( int Il [] ) coarseobj . featuresubspaceParLitj-ons . cl-one ( ) ;

refiner refinerObj = new refiner(fevelsubSpaces, paramobj) ;

tempFinalSolution Ij I
(int IJ ) refinerObj . finalRefineSo]-ution. clone ( ) ;
tempFinal-SolutionVal-ues I j ] = ref inerObj . f inalRef ineSolutionValue,'
printObj .prinLOutput (tempFínalSolut.ion Ij ] ,

tempFinalsolutionVafues Ij], j ) ;

classifierobj = new
Classifier( (int tJ )tempFj-nafSolutionIj] .cloneO, paramobj) ;

tempClas s i f yAccuracyValues I j ]
cl-assif ierobj . cJ-assif icationAccuracy;
literal = "\nTrainset Classi-fication accuracy:
" +classif ierob j . trainClass if icat ionAccuracy+ " Z " ;

printObj .printliteral (literaf ) ;
literal- = "\nTndependent Testset Classification accuracy:
" +clas s i f ierObj . clas s i f i cat ion-Accuracy+ rr å rr,'

printObj .printliteral (literaf ) ;

System.out.println("Computation cost of Mu]Lil-evel FS:

" +ref inerOb j . multilevel-CosL+ " \nr' ) i

//Reset the no. of levels and the no. of iterations at levels.
paramObj.resetNooffLerations O ; / /reset no. of iteration to
def ault val-ue;
paramObj.reseLNooflevels O ¡ //Set no. of fevels to default val-ue;
)

//'traíning and classification using multilevel search with different no. of
level-s
lj-teral = "\n\nMultilevel result for 3-levels; reduction factor 3; random
coarsening; no of basic iteration 20'r;
printObj . printliteral (literal ) ;
for(int j=0; j<l-ocalRandomnessFactor; j++)
{
// Set the no. of levels and the no. of iteratíons at level-s.
paramObj.setNoOflterations (2o); //Set no. of iLeration to 50;
//paramobj.setNooflevels(2) ; //Set no. of l-evefs to 2;



APPENDIX A, CODE LISTING OFTHE MULTILEVEL FEATURE SELECTION ALGORITHM

testcoarsespace = ( int. [] ) featureSolutionSpace. clone O ;

coarser coarseObj = new coarser (paramObj ) ;
coarseobj . randomCoarsen ( (int [] ) testcoarsespace.clone ( ) ) ;
levelsubSpaces = (inttl [] )coarseobj.featureSubspacePartitions.cl-oneO;
refiner refinerObj = new refiner(ÌevelSubSpaces, paramobj) ;

tempFinalsoJ-utj-onIjl = (int[])refinerObj.finalRefineSolution.cloneO;
ternpFj-naJ-solutionValues I j J = ref inerobj . f inalRef ineSolutionValue,'
printobj . printOutput (tempFinalsolution Ij ] , tempFinal-Solutionvalues Ij ] , fl ¡

cLassifierobj = new Cl-assifier( (ínt[] )tempFinalsolutionIj] .cloneO, paramObj) ;

tempCJ-assifyÀccuracyvaluesIjl = classifierobj.c]-assification-Accuracy;
l-j-teral = "\nTrainset Classification accuracy:
" +cIas s i f ierOb j . trainClass i f icat iorÀccuracy+ " ? " ;
printObj .printliteral (literal) ;
literal- = "\nÏndependent Testset Classificati-on accuracy:
" +c las sif ierObj . cf ass i f icat iorÀccura cy + " % " ;
printObj .printliteral (literal) ;
System.out.printfn("Computation cost of Mul-tilevel- FS:

" +refinerobj . mul-tilevelcost+'r \n" ) ;
//ReseL the no. of levels and the no. of iterations at l-evefs.
paramObj.resetNooffterations (\ ; / /reset no. of iteration to default value,'
paramObj.resetNooflevelsO; //Set no. of l-evel-s to default value;
)
// traíninq and classification using multil-evel search with differenL no. of
fevels
literaf = "\n\nMultilevef result for 3-levels; reduction factor 3,' random
coarsening; no of basic iteration 25";
printobj .printliteral (literal) ;

for(int j=o; jclocafRandornnessFactor; j++)
{
// sex the no. of l-evel-s and the no. of iLerations at l-evefs.
paramObj.setNoOflterations (25); //Set no. of iteration to 50;
/ /paramobj.setNooflevels (2) ; / /set no. of fevels to 2;
testcoarsespace = (int [] ) featureSoluLionSpace. clone ( ) ,'

coarser coarseObj = new coarser (paramObj ) ;

coarseObj . randomCoarsen ( (int [] ) testcoarseSpace. clone O ) ;
levelsubSpaces = (int tJ [] ) coarseobj . featureSubspacePartitions. cfone ( ) ;
refiner refinerObj = new refiner(IeveÌSubSpaces, paramObj) ;

tempFinalsolution lj l = (int [] ) refinerobj . finalnefineSolution. clone O ;

tempFinalsof utionValues I j ] = ref inerobj . f inalRef ineSolut ionValue,'
printObj.prinLOutput (tempFinal-solution[j], tempFinalSolutionValues til, j);
classifierobj = new Cl-assifier( (int [] )tempFinalSolutionIj] .c1oneO, paramObj) ;

tempClassifyAccuracyvalues IjJ = cfassifierobj.cfassificat.ionAccuracy,'
fiteral = "\nTrainset ClassificaLion accuracy:
', +c lass i f ierOb j . trainCl-ass i f icat iorÀccuracy+ " ? ",'
printobj .printliteral (literaI) ;
literal = "\nlndependent Testset Classificalion accuracy:
"+cl-assif ierobj . cf assif icationAccuracy+ttZtt ;
príntObj .printliteral ( literal ) ;
System.out.println("Computation cost of Muftileve1 FS:

" +ref inerObj . multilevelCost+ " \n" ) ;

//aeseL the no. of levels and the no. of iterations at level-s.
paramObj.resetNooflterations O; //reset no. of íteration to default value;
paramObj.resetNoOflevefso; //Set no. of levels Lo defauft value;
)

//'lraíníng and cfassification using mul-til-evel search with different no. of
l-evels
literal- = "\n\nMultifevel result for 3-level-s; reduction factor 3; random
coarsening; no of basic iteration 30";
printObj . printliteraÌ ( literal ) ;
for(int j=o; jclocalRandornnessFactor; j++)
{
// Set the no. of fevels and the no. of iterations at levels.

t4r
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paramobj.setNooflterations (3O); //Set no. of iteration Lo 50;
/ /paranobj.setNoOflevels (2) ; / /Set no. of leve1s to 2i
testcoarsespace = (int [] ) featuresolutionSpace.clone O ;
coarser coarseobj = new coarser (paramobj ) ;
coarseobj .randomCoarsen ( (int [] ) testcoarsespace.clone O ) ;
levelSubSpaces = (int IJ [] ) coarseObj . featureSubspacePartitions. cfone ( ) ;
refiner refinerObj = new refiner(J-evelSubSpaces, paramobj) ;
tempFinalSolutionIj] = (int [] ) reflnerObj.finalRefineSolution.clone O ;
tempFinalSolutionValues I j ] = ref inerobj . f inalRef ineSolut j-onValue ;
printObj.printouLput(tempFinalSolutionIjJ, temprinalSofutlonVa]-uestjl, j);
classifierobj = new Cl-assifier((intIJ)tempFinalSolutj-onIj].clone1¡, paramObj);
tempClassifyÀccuracyValues Ij] = cfassífierObj.cl-assificationAccuracy;
l-iteraf = "\nTrainset Classificati-on accuracy:
" +clas si f ierOb j . trainClass i f icat iorÀccuracy+ r¡ U' i
printObj . printliteral ( Iiteral ) ;
literal = "\nlndependent Testset ClassÍfication accuracy:
" +class if ierOb j . cf ass i f icat ionAccura cy+ " % " ¡

printObj . printliteral ( Iiteral) ;
System.out.println("Computation cost of MulLilevel- FS:
" +refinerobj . multilevelCost+ " \n" ) ;
//aeset the no. of levels and the no. of iterations at levels.
paramObj.resetNoOflterations (l; //reset no. of iteration to default value,'
paramObj.resetNoOflevelso; //Set no. of level-s to default value;
)
// Traínínq and classification using mul-tilevel search with different no. of
levels
fiteral = "\n\nMultil-evel- result for 3-levels; reduction factor 3; random
coarsening; no of basic iteration 35";
print.ob j . printliteraf (l iteral- ) ;
for(int j=O; j<l-ocal-RandomnessFactor; j++)
i
// Set the no. of levels and the no. of iterations at levels.
paramObj.setNooflterations (351; //Set no. of iteration to 50;
//paramObj.setNoOflevels(2); //Sex no. of fevels to 2;
testcoarseSpace = (int [] ) featuresolutionSpace. cl-one ( ) ;
coarser coarseobj = new coarser (paramobj ) ;
coarseObj .randomCoarsen( (int [] ) testcoarseSpace.clone O ) ;
levelSubSpaces = (int [] [] ) coarseobj . featureSubspacePartitions.clone O ;
refiner refinerObj = new refiner(IevelSubSpaces, paramobj) ;
tempFinalSolution [j ] = (int [] ) refinerObj . finalRefineSolution. cl-one ( ) ;
LempFinalSof utionValues I j ] = ref inerobj . f inalRef ineSolutionValue ;
printobj.prinLOutput (tempFinaISol-utionljl, temprinal-SolutionVal-ues tjl, j);
cl-assifíerobj = new Classifier( (intli )tempri-nalSofutionljl .clone(¡, paramObj);
tempClassifyAccuracyvalues Iji = c]-assifierobj.classificationAccuracy;
literal = "\nTrainset Classification accì-rracy:
'r +clas s if ierob j . trainClas s if icat ionÀccuracy+'r ? " ;
printObj . printliteral (f iteral ) ,'

1íteral = "\nfndependenL Testset Classification accuracy:
" +classif ierOb j . cf assif ication-Accuracy+ t'å'r ;
printobj .prinLliteraI (literal) ;
System.out.println( r'Computation cost of Multil-evel FS:
'r +ref inerOb j . mu1tiJ-evelCost.+ " \n" ) ;
//neset the no. of levels and the no. of iterations at levels.
paramObj.resetNoOffterationsO; //reseL no. of iteration Lo default value;
paramObj.resetNooflevels|; //Set no. of levels to default. value,'
)
// trainíng and classification using mul-til-evel search wíth differenL no. of
1evels
literal = 't\n\nMultilevel result for 3-1evels; reduction factor 3,' random
coarsening; no of basic iLeration 40";
printObj . printl,iteraf ( literal ) ;
for(int j=O; j<locaÌRandornnessFactor,' j++)
{

r42
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// Se:u Lhe no. of levels and Lhe no. of iterations at levefs.
paramobj -setNooflteratíons (+0); //Set no. of iteration to 50;
//paramobj.setNooflevel-s(2); //set no. of levels Lo 2;
testcoarsespace = ( int [] ) featureSolutionSpace. cl-one O ;

coarser coarseObj = new coarser (paramObj ) ;
coarseobj . randomCoarsen ( (int [] ) testcoarsespace. clone O ) ;

levelsubSpaces = (int fl [] ) coarseobj . featureSubspacePartitions.clone () ;

refiner refinerObj = new refiner(levelSubSpaces, paramobj) ;

tempFinalsolution[j] = (int[] )refinerobj.f inal-RefineSolution.cl-oneO;
tempFinalsolut ionValues I j I = ref inerObj . f inalRef ineSolut ionVaf ue ;
printobj.printOutput(tempFinalSol-utionIj], tempfinalsolutionValues tjl, j);
classifierobj = new Classifier( (int[] )tempFinalsol-utionIj] .cloneO, paramobj) ;
tempCJ-assifyAccuracyvalues Ij] = classifierobj.classificationAccuracy;
l-iteraf = "\nTrainseL Classification accuracy:
" +clas s i f ierOb j . t raínClass i f icat ionAccuracy+ " ? " ;
printObj .printliteral ( Iiteral ) ;
l-iteraf = "\nfndependent Testset Cl-assification accuracy:
" +class i f ierOb j . clas s i f icat ionAccuracy+ " å ",'
printObj .printlíteral (Iiteral-) ;

System.out.prinLln("Computation cost of Multilevel FS:

" +ref inerObj . multilevelCost+ " \nr' ) ;
//neset Lhe no. of levefs and the no. of iterations at level-s.
paramObj.resetNoofTterations O ¡ //rese| no. of iteration to default value,'
paramObj.resetNoofl-evelsO; //SeL no. of Levels to defaul-t value;
)
// fraining and classification using multilevel- search with different no. of
Ievels
fiteral = "\n\nMultilevel- result for 3-l-evels; reduction factor 3; random
coarsening; no of basic iteration 45",'
printObj .printliteral ( Iiteral ) ;
for(int j=o; j<l-ocafRandomnessFactor; j++)
{
// se:. the no. of levels and the no. of iterations at level-s.
paramobj . setNooffterations (a5) ; / /Set no. of iteration to 50;
//paramobj.setNooflevels(2) ¡ / /Set no. of fevels to 2;
testcoarsespace = (int [] ) featureSolutionSpace.cloneO ;

coarser coarseObj = new coarser (paramObj ) ;
coarseobj . randomCoarsen ( (int [] ) testCoarsespace. cfone O ) ;
J-evelsubSpaces = (int | [] )coarseobj.featureSubspacePartitions.cl-one();
refiner refinerObj = new refiner(levelSubSpaces, paramobj) ;

tempFinalsolution Ij 1 = (int [] ) refinerobj . finalRefineSolution. cl-one O ;

tempFinalsolutionValues I j J = ref inerObj . f inalRef ineSo]-utionValue ;

printObj.printoutput(tempFinafsofutionIjJ, tempfinalsolutionvalues tj], j);
classifierobj = new Classifier((intIJ)temprinafSo]-utionIj].cIone1), paramObj);
tempClassifyAccuracyValues Ij] = cl-assifierObj.classificationÀccuracy;
liLeraf = t'\nTrainset Classification accuracy:
" +class i f ierObj . trainClass i f i cationÄccuracy+ " ? ",'
printObj .printliteral ( Iiteral) ;

titeral = "\nlndependent Testset ClassifÍcation accuracy:
" +cl-ass if ierob j . clas s Í f icat iorÀccura cy + " Z't ;
printObj .printl,iteral ( literal) ;

System.out.println("Computation cost of Multilevel- FS:

'r +ref inerObj . mult ilevelCost+ " \n" ) ;
//ueseL the no. of levels and the no. of iterations at levels.
paramObj.reset.NooflterationsO ¡ //reset no. of iteration to defaull val-ue;
paramObj.resetNooflevel-s|; //Set no. of l-evels to default value;
]
)

if (initparamobj .outputMedia.equals ( "filer' ) )

System.out.println("\nEnd of process... check the output file
rr+rrrrr+initParamobj.outputFileName+r'rtr+rt for the process reults.")i
else
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System.ouL.println(r'\nEnd of process. . . ") ;

)

Ì -End of testcaorseÀlgorithm. j ava- -
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