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Abstract

Feature selection is one of a key success factor for classification problem in high dimensional
datasets. This process aims to select the discriminative subsets of features in order to enhance

the classification performance and reduce learning time.

In this thesis we introduce an approach for handling the classification problem in high
dimensional datasets using scatter search algorithm with wrapper model. During our study we

have implemented the sequential and the parallel versions of the scatter search algorithm.

The classification performance for the two versions are similar for Mushroom, Madelon, Gisette
and Spambase datasets. For Arcene dataset the parallel version of the scatter search enhances
the classification performance from 0.93 to 0.94 comparing with the sequential version of the

scatter search.

Five benchmark datasets are used to evaluate our approach, all of them are two-class
classification problem. They are: Mushroom, Spambase, Arcene, Madelon and Gisette. Three of

them (Arcene, Madelon and Gisette) are feature selection challenge.

The obtained results indicate that the proposed approach is very efficient for feature selection
process in high dimensional datasets; since the scatter search algorithm reduces the execution

time and enhances the classification performance.

A comparative study is conducted with other research in the literature that uses the
evolutionary algorithms to handle the classification problem in high dimensional datasets. Our
proposed method is very efficient, it reduced the execution time for all the datasets that we use
in our experiments, and enhanced the classification results, the classification results are ranged

from 0.92 to 1.0 for the five datasets.
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Chapter 1

Introduction

Nowadays, many disciplines have to deal with high dimensional datasets which involve a
large number of features. Thus we need data preprocessing methods and data reduction

models in order to simplify input data [1].

The selection of optimal feature subset is an optimization problem that proved to be
NP-hard, complex, and time-consuming problem [2, 3]. As seen in Figure 1.1, there
are two major approaches used to tackle the NP-hard problems: exact methods and
metaheuristics. The former is exact methods allow exact solution to be found, but this
approach is impractical since it is extremely time consuming for real world problems.
The later is metaheuristics is used for solving complex and real world problems, because
metaheuristics provide suboptimal (sometimes optimal) solution in reasonable time [2,
4, 5].

Approaches for handling NP-hard problems

Metaheuristics Exact-methods

Trajectory-based

Population-based

F1GURE 1.1: Approaches for handling NP-hard problems
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Metaheuristics algorithms have proved to be suitable tools for solving the feature selec-

tion accurately and efficiently for high dimensions in large datasets [4, 6, 7].

The main problems that appear when dealing with high dimensional datasets are: 1)
execution time because the complexity of the metaheuristics methods for feature selec-
tion is at least O(n2D) [8], where n is the number of instances and D is the number of
features. 2) memory consumption since most methods for feature selection need to store
the whole dataset in memory. Therefore, the researchers try to parallelize the sequen-
tial metaheuristics to improve their efficiency for feature selection in high dimensional
datasets. They used many programming models and paradigms, such as MapReduce
(Hadoop, spark), MPI, OpenMP, CUDA [2, 9, 10] for that purpose. Parallel computing
can be process interaction (shared memory, message passing) or problem decomposition

(task or data parallelization) [10].

Parallel implementations of metaheuristics are an effective alternative to speed up se-
quential metaheuristics; by reducing the search time of solutions for optimization prob-
lems. Furthermore, they lead to the more precise random algorithm and improve the

quality of solutions [5].

Feature selection is a problem with high dimensional datasets. In order to make clas-
sification faster and more accurate, we need to select the subset of features that are
discriminative. Evolutionary algorithms like Genetic Algorithms (GA), Scatter Search
(SS) algorithm, Particle Swarm Optimization (PSO), Ant Colony Optimization (ACO),
etc. are methods can be effective for this problem, but they require long execution time,
also a large memory space [11]. To overcome these weaknesses, and to enhance the clas-
sification performance in high dimensional datasets, Parallel Evolutionary Algorithms
(PEASs) can be used.

1.1 Thesis objective

The aim of this thesis, is to enhance the classification performance using feature selection
method built on parallel scatter search algorithm, that uses wrapper approach for feature
selection. Furthermore, this thesis aims to reduce the execution time comparing with

the time needed by any other evolutionary algorithm.

1.2 Thesis hypothesis

In this thesis, we assume that using our parallel approach for feature selection in high

dimensional datasets will lead to more possible solutions in less time that is needed
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in sequential evolutionary algorithms. By using Parallel Scatter Search algorithm, our
approach will reduce the execution time and enhance the classification performance for
high dimensional datasets, comparing with other evolutionary algorithms (sequential

and parallel).

1.3 Contributions

In this thesis, we will explore a new possibilities using the parallel evolutionary algo-
rithms to assess the classification problem with the high dimensional datasets, more

precisely we will:

e Build the model for feature selection using scatter search algorithm.

e Develop our parallel scatter search algorithm using master-worker model, to better

explore the search space to find better solutions for the feature selection problem.

e Conduct comparisons with previous works using well known benchmarks to prove

the effectiveness of our methodology.

1.4 Thesis organization

Our thesis is organized as follow, in Chapter 2, we will give a background, and review
the main theoretical concepts are needed to understand the terminology of this thesis.
In Chapter 3, we will state the previous works and literature review about parallel
evolutionary algorithms for feature selection in high dimensional datasets. In Chapter 4,
we will introduce our methodology that we use to enhance the classification performance
for high dimensional datasets, and the datasets that we used in this thesis. Chapter
5 includes the the experiments and the results of our approach. Finally, Chapter 6,

concludes the thesis and propose some new directions for future work perspectives.



Chapter 2

Background

This chapter presents a background and the theoretical concepts that are mainly related
to this thesis. First, we introduce the machine learning concept. Then, we will talk
about data classification and the classifiers used in our thesis. The next subsection
will be about general hierarchies for parallel evolutionary algorithms. The rest of this

chapter presents the SS algorithm and parallel SS that are related to this work.

2.1 Machine learning

Machine learning (ML) "is a sub-field of artificial intelligence (AlI), that provides com-
puters with the ability to learn without being explicitly programmed” [12, 13].

Machine learning algorithms are often categorized as being supervised, unsupervised, or

reinforcement learning [1, 8, 12], in the following we clarify these types:

e Supervised learning: is the machine learning task of inferring a function from

labeled training data. This type of ML can be divided into two types:

— Classification; where each data sample in training dataset is a pair consisting
of an input vector and its desired output value (class). Classification the out

put is discrete.

— Regression learning, where the output is continuous.

e Unsupervised learning: this type of learning in which the input is an unlabeled
training samples, where, the task is to find hidden structure in unlabeled dataset

(cluster the data to discrete outputs or classes).
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e Reinforcement learning: this type is inspired by behaviorist psychology, concerned
with how software agents must take actions in an environment so as to maximize

some notion of cumulative reward.

2.2 Data classification

Classification in supervised machine learning, ”it is the task of predicting the class
membership of categorized elements; whose classes is not known. using the properties
of examples in a model learned previously from training examples; whose classes was
known” [14].

Classification has two phases, training phase and prediction phase. In the training phase,
the model tries to understand the relation between the input data and the output data
(classes). While in the prediction phase, the model predict the classes of the categorized
elements [15, 16]. In this thesis we used two classifiers which are Support Vector Machine
(SVM) and Random Forest (RF), in the following subsections we will explain each of
them.

2.2.1 Support Vector Machine classifier

SVM is a binary discriminative classifier which tries to find the optimal hyper plane that
efficiently separates nearest data points from different classes. The main goal of SVM is
to draw a hyper plane that classifies all data from two different classes. This hyper plane
maximizes the margin from both classes. If we suppose that hyper plane is represented
by equation 2.1 [1], then the total margin is represented by ||3T|| Let {X1, Xo,..., X} is
dataset and y; € [—1,1] is the class label for this dataset. Then the decision boundary
that should classify all points correctly is represented by equation 2.2 [8]. So we should
minimize 5 [|w||” to maximize the margin, this minimizing is a nonlinear optimization

task solved by Karush Kuhn Tucker (KKT) condition [1, §].
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2.2.2 Random Forest classifier

Random forests are a combination of tree predictors such that each tree depends on
the values of a random vector sampled independently and with the same distribution
for all trees in the forest [17]. Random Forests are an ensemble of learning methods
for classification, regression and other tasks, it operates by constructing a multitude of
decision trees at training time and outputting the class that is the classes (classifica-
tion) or mean prediction (regression) of the individual trees, Figure 2.1 explains the RF

Algorithm Steps [1, 8].

Create bootstrap samples

from the training data Grow Decision Trees

> e _/\—‘\.
T =)

S S S —
N Instances
o

/\__J\ﬂ\
Training | — ———
Dataset [ [, S, L53, P melority

. ) S Voting
A
> /

FI1GURE 2.1: Random Forest algorithm steps

Randomly the dataset is sampled and replaced with bagging or bootstrap aggregation,
in addition of the identical growing of distributed trees; thus the anticipation is the same

for both the averaged trees and the individual trees [1].

The advantages are achieved from the averaging process are results by the amount of
interconnection of the bagged trees pairs. For further variance reduction, specifically at
the growing stage of trees; each node split of each tree could be undergoing a random
elimination step for the number of features inside it, this minimizes the correlation

between trees which are in turn and reduce the variance [1].

An important improvement is considered for RF when building the forest by disassem-
bling the trees, which is that a class is being predicted by a vote of each tree commission,
the new z vector has input features which have been labeled or y by the majority class
[1, 8].
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2.3 Dimension reduction

In general, there are two main types of data reduction models [9]. The first one is
instance selection and instance generation processes are focused on the instance level.
(i.e. select a representative portion of data that can fulfill a data mining task as if the
whole data is used) [18]. The second is feature selection and feature extraction models

work at the level of characteristics.

Features in any datasets can be divided into three categories: relevant, irrelevant, and
redundant features [9, 19]. The relevant features, are the features that have an impact
on the output and their role can’t be replaced from any other features. While, the
irrelevant features don’t have direct impact on the output, but they are affecting the
learning process. The last one is the redundant features are those ones that another

feature can take their role and they don’t have direct impact on the target concept.

In dimension reduction, we transform high-dimension data into a meaningful represen-
tation of reduced dimensionality. In addition, the input variables subset can be defined

through two different approaches: feature selection and feature extraction [20, 21].

Dimension reduction has many advantages, the most important one that it can facil-
itate classification; since it reduces complexity and gives simpler data representation.
Dimension reduction models attempt to reduce a dataset by removing noisy, irrelevant,
or redundant features. As a result, the feature selection is needful preprocessing step in
analyzing high dimensional datasets. It often leads to smaller data that will make the
classifier training better and faster [22]. In this section, we will explain feature selection

and feature reduction.

2.3.1 Feature extraction

In feature extraction, the dimensionality of features reduced but the variant information
maintained. The new extracted features are a combination of original features. The most
popular feature extraction techniques are: Principle Component Analysis (PCA), Linear
Discriminative Analysis (LDA), and Canonical Correlation Analysis (CCA) [8, 23]:

e P(CA: it is a popular unsupervised dimension reduction technique. PCA is a linear
transformation that transforms data to a new set of variables which called principle
components (PCs), by referring it to different coordinate system. These PCs are
uncorrelated to each other, which minimize the redundancy. The PCs are ordered
based on their importance, then the dimension reduction is done by eliminating

the PCs that don’t have significant importance.



CHAPTER 2. BACKGROUND 8

e LDA: it is a popular supervised technique; this approach maximizes the distances
between classes and minimizes the distances between the samples in each class.
This approach is a parametric method; the discriminatory information must be in

the mean range values and not in the variance of data.

e (C'CA: this approach is used for correlating linear relationships between two multi-

dimensional variables.

2.3.2 Feature selection

Feature selection is considered to be a complex and time-consuming problem especially
with high-dimensional datasets [8]. In order to make classification faster and increas-
ing its performance, we need to select the subset of features that are discriminative.
Searching in the feature space has a high computational cost. For instance, if there are
D features in the search space, then the total search space is (2) [22, 23]. This means

that this problem is NP-hard for large value of D.

In general, there are three classes of feature selection approaches: filter-based, wrapper,
and embedded [1]. The filter approach analyzes the features statistically and ignores the
classifier. Most of these methods perform two operations, ranking and subset selection.
In some cases, these two operations are performed sequentially, first the ranking, then the
selection, in other cases only the selection is carried out. These methods are effective in
terms of execution time. However, filter methods sometimes select redundant variables;
since they don’t consider the relationships between variables. Therefore, they are mainly

used as a pre-processing method.

In the wrapper model [24], the process of feature selection is depending on the perfor-
mance of a specific classifier. But its disadvantage is long execution time. The last
method for feature selection is the embedded. In this method, the feature selection

process and the learning algorithm (tuning the parameters) are combined [24].

Based on the fact the wrapper model is more accurate than the filter model; in this
study the wrapper approach of feature selection is used. In the following subsection we

detail with this model.

2.3.3 Wrapper model

In the wrapper model, the process of feature selection is based on the performance of a
specific classification model [24]. This means that the performance of wrapper model is

higher than it in the filter approach. But, computational learning time is higher [1].
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As seen in Figure 2.2 [8], The main steps of wrapper model are [24]:-

e Generating a subset of features.
e Evaluating the selected subset of features by using the performance of the classifier.

e Repeating stepl and step2 until the desired quality is reached.

Original Subset Candidate Subset

Dataset generation Dataset evaluation

3

Current best subset

Bound

condition

Yes

Selected subset

h 4

Final evaluation

FIGURE 2.2: General wrapper model for feature selection

The feature selection in wrapper model as black box; the classifier is used to evaluate the
subset of features based on their prediction performance. Then the subset of features of

the highest performance will be used as the final set to learn the final classifier [1, §].
The advantages of wrapper model are [24]:-
e Accuracy: this approach has high accuracy; since it tuned the specific interaction
between the classifier and the dataset.
e [t has a mechanism to avoid over-fitting; because it uses cross-validation in accu-
racy prediction.

The disadvantages of wrapper model are [1, 8, 24]:-

e The execution time is high for high dimensional dataset.
e Less general: It depends on the classifier of selecting the best subset of features.

e It may be selected the features that are biased to the classifier it used.
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2.4 Scatter search algorithm

Scatter search is a Metaheuristic and a Global Optimization algorithm. It is also some-
times associated with the field of Evolutionary Computing given the use of a population
and recombination in the structure of the technique. Scatter Search is a sibling of Tabu

Search, developed by the same author and based on similar origins [25, 26].

Scatter search algorithm is an evolutionary Algorithm that was successfully applied to
hard optimization problems. It uses strategies for search diversification and intensifica-

tion that have proved effective in a variety of optimization problems [27].

The main steps of scatter search algorithm are shown in algorithm 1. As illustrated in
Figure 2.3 [25], the implementation of SS algorithm to find the best solution for any
problem has five steps as follow [5, 28-30]:-

e Diversification initialization: in this step, we generalize the initial population of
solutions. The first part of this population is generated randomly, then the rest

solutions are the diverse solutions.

e Solution improvement: this step takes the most execution time of this algorithm.
In this step, we try to find the best solution of each solution in the initial popula-

tion.

e Generate Reference Set: after the improvement, we choose the subset of the best
solutions and a subset of the worst solutions in the population to add them to the

Reference Set.

e Solutions combination: the solutions in the Reference set are combined to generate

new solutions.

e Update the Reference Set: in this step, we choose the best combined solutions and

add them to the Reference Set.

2.5 Parallel scatter search algorithm

The Parallel Scatter Search Algorithm is an extension of the SS algorithm. The main
motivation of parallel SS is to reduce the execution time of SS which is needed to reach

an acceptable solution [5, 31].

In general there are two main approaches of parallel SS, the standard and the decom-

position [31]. In the standard parallel SS, the algorithm is applied on one population
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Algorithm 1 Sequential scatter search methodology [5]

Create Population (Pop, PopSize)

Generate ReferenceSet (RefSet, RefSetSize)
while Not Stopping Criterionl do
while Not Stopping Criterion2 do
Select Subset (Subset, SubsetSize)
Combine Solutions (SubSet, CurSol)
Improve Solution (CurSol, ImpSol)

end while
Update ReferenceSet (RefSet)
end while
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FIGURE 2.3: Scatter search algorithm

only, such as master-worker architecture. While, in the decomposition parallel SS the

population is divided into sub populations, then the algorithm is applied on each sub

population in parallel, such as distributed architecture. The improvement and iterations

in both approaches are done in parallel.

There are three main architectures for parallel evolutionary algorithms, which are:

master-worker, cellular, and island architecture [2, 31].

e Master-worker architecture: also known as global parallelization or framing, it uses

centralized control. In this parallel architecture, the master is the central processor

that initialize the population. After initialization, each worker processor receives

a subset of solutions from the worker to evaluate the fitness of each one. After the

workers finished their works, they return the fitness values to the master. When

the master receives the evaluation results form the worker it performs the rest of

operations on the population. Figure 2.4 shows the master-worker architecture.
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FIGURE 2.4: Master-Worker parallel architecture
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e Cellular architecture: also known as coarse-grain, it uses distributed control. In
this architecture, the concept of neighborhood is used, this means that the in-
dividual may only interact with its nearby neighbors in the breeding loop. This

interaction in order to find a good solution across the overlapped individuals.

e Island or distributed architecture:in this parallel architecture, the population is
divided into sub-populations (islands) in which isolated serial algorithms are exe-
cuted. There is individuals exchange between these islands; in order to keep the

diversity in the sub-population.

Furthermore, there is a hybrid model in which two different parallel architectures may
be used [2]. In general, the higher level is a coarse-grain (set of islands) parallel archi-
tecture, then each island perform other parallel architecture from the three mentioned

architectures.

In this theses we used the master-worker architecture to build the parallel SS algorithm,
the master process initializes the population of solutions, then it distributes these initial
solutions equally among the worker processes for improvement and evaluation. Then the
master collect the solutions from workers to complete the SS operations on the improved
solutions. The master-worker architecture for our approach will be explained in details

in Chapter 4.



Chapter 3

Literature review

This chapter is a bout previous works that are dealing with feature selection problem
in high dimensional datasets. It is organized as follow: the first Section will be about
parallel programming in general. The next Section is an overview of parallel evolutionary
algorithms. The third Section talks about the previous works in parallel evolutionary

algorithms for feature selection in high dimensional datasets.

3.1 Parallel programming

Parallel programming is the running of many parts of the task at the same time on
different processors. Nowadays, the most popular systems have multicore. In order to

get the benefit from these systems we need to use parallel programming [32, 33].

Parallel programming explicitly breaks the task down into many processes, where each
processes can be executed in parallel on a single processor. In this way multiple parts

of the same task can run in parallel at the same time [33].

3.2 Parallel evolutionary algorithms for feature selection

Feature selection algorithms are used to find an optimal subset of relevant features in
the data [10, 34]. In this section we will talk about parallel evolutionary algorithms that
are used for feature selection problem in high dimensional datasets. In the following

sections, we will clarify the steps of five parallel evolutionary algorithms.

13



CHAPTER 3. LITERATURE REVIEW 14

3.2.1 Parallel genetic algorithm

In order to increase the efficiency and reduce the execution time of the genetic algo-
rithm (GA); the researchers used parallel GA. Algorithm 2 presents the parallel GA
methodology, with the master-slave model of parallel GA.

Algorithm 2 Parallel genetic algorithm [35]

Create initial population
Evaluate initial population
Create slaves
while not done do
Start slave
Wait for slave to finish
Run mutation operator
end while
for i=1 to slave iterations do
Select individuals
Run crossover operator
Evaluate offsprings
if solution found then
set done=True
end if
end for

3.2.2 Parallel CHC algorithm

A CHC is a non-traditional GA, which combines a conservative selection strategy (that
always preserves the best individuals found so far), that produces offsprings that are
at the maximum hamming distance from their parent. The main processes of CHC

algorithm are [9]:
e Half-Uniform Crossover (HUX): This will produce two offsprings, which are max-
imally different from their two parents.
o Elitist selection: this will keep the best solutions in each generation.

e Incest prevention: this step prevents two individuals to mate if the similarity

between them greater than a threshold.

e The Restarting process: if the specified population stagnated, then this step gen-

erated a new population by choosing the best individuals.
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3.2.3 Particle swarm optimization (PSO)

This subsection handles the geometric particle swarm optimization (GPSO) and shows

the algorithm that used to parallelize PSO or GPSO.

3.2.3.1 Geometric particle swarm optimization (GPSO)

GPSO is a recent version of PSO. The key issue in GPSO is the using a multi-parental
recombination of solutions (particles). In the first phase, a random initialization of
particles created. Then the algorithm evaluates these particles to update the historical
and social positions. Finally, the three parents (3PMBCX) move the particles [36], as
shown in Algorithm 3:

Algorithm 3 GPSO algorithm [4]

S:SwarmlInitialization()
while not stop condition do do
for each particle i of the swarm S do do
evaluate(solution(xi))
update(velocity equation (hi))
update(global best solution (gi))
end for
for each particle i of the swarm S do do
xi:3PMBCX ((xi, wa), (gi, wb), (hi, wc))
mutate(xi)
end for
end while
Output: best solution found

3.2.3.2 Parallel multi swarm optimization

Parallel multi swarm optimization presented in [4], it was defined in analogy with parallel
GA as a pair of (S, M), where S is a collection swarm, and M is a migration policy.

Algorithm 4 depicts the parallel PSO methodology.

3.2.4 Parallel scatter search

Scatter search is an evolutionary method that was successfully applied to hard optimiza-
tion problems. It uses strategies for search diversification and intensification that have

proved effective in a variety of optimization problems, see Algorithm 5.
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Algorithm 4 Multi swarm optimization [4]

DO IN PARALLEL for each i 1,...,.m
initialize(Si)
while not stop condition do do
iterate Si for n steps /* PSO evolution */
for each Sj (Si) do do
send particles in s(Si) to Sj
end for
for each Sj such that Si (Sj ) do do
receive particles from Sj
replace particles in Si according to r
end for
end while
Output: best solution ever found in the multi-swarm

Algorithm 5 Parallel scatter search methodology [5]

Create Population (Pop, PopSize)
Generate ReferenceSet (RefSet, RefSetSize)
while Stopping Criterionl do
while Stopping Criterion2 do
Select Subset (Subset, SubsetSize)
for each processor r=1 to n do in parallel do
Combine Solutions (SubSet, CurSol)
Improve Solution (CurSol, ImpSol)
end for
end while
Update ReferenceSet (RefSet)
end while

3.2.5 Parallel ant colony optimization

When dealing with huge search space, parallel computing techniques usually applied
to improve the efficiency. Parallel ACO algorithms can achieve high-quality solutions
in reasonable execution times comparing with sequential ACO. In Algorithm 6, the

methodology of PACO is presented.

3.3 Related work

We reviewed a set of research papers, which were dealing with feature selection problem
for high dimensional datasets in a parallel environment and using parallel evolutionary

algorithms. Let us discuss these studies in the following subsections.
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Algorithm 6 Parallel ant colony optimization methodology [37]

Generate Ants
Initialize N processors
Multicast to all slaves processors N and the task ids of all slaves
for each slave do do
Send a number between 0 and N that identifies the task inside the program
end for
while not all slaves have sent back solution do
Wait for solution
if a slave returns a solution that is better than any solution received then
Multicast this solution to all slaves
end if
end while
Return the best solution

3.3.1 Parallel GA

Liu et al., [11] used parallel GA for selecting informative genes (features) in tissue
classification, using wrapper approach. The main purpose was to find the subset of
features with fewer elements and higher accuracy. The parallelization of GA performed
by dividing the population into sub-populations, and then the GA run on each sub-
population. Therefore, the searching for the optimal subset of genes can be on several

CPUs/computers at the same time.

For evaluation, the Golub classifier was used. This classifier introduced by the authors
and it depend on the sign of the results for classification; if the sign is positive the sample
x belongs to class 1, else if it negative the sample x belongs to class 2. This classifier
used only if the datasets have two classes. The accuracy of the classifier tested by using
the LOOCV (leave one out cross validation) method. The results showed that using
the parallel GA increased the accuracy, and reduced the number of genes that used for

classification.

In [38] Zheng et al., analyzed the execution speed and solution quality of many parallel
GA schemes theoretically. Furthermore, they pointed to the best scheme of parallel GA
that used on multi-core architecture. This paper considered the relationship between

speed and parallel architecture along with solution quality.

They analyzed (Master-Slave, Synchronous Island, Asynchronous Island, Cellular, and
hybrid scheme of Master-Slave and Island) schemes of parallel GA, with Pthread library

on multi-core parallel architecture.

To validate their theoretical analyzing an experiments performed. The hybrid scheme
of (Master-Slave and Asynchronous Island) was the best scheme in performance using

multi-core architecture. The Island scheme has the best execution time, but the worst
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solution quality. To improve the solution quality when using Island model it is better to
decrease the number of islands. The Asynchronous Island is faster than the Synchronous.

The Master-Slave scheme has the best solution quality and the worst execution time.

Soufan at el., [24] developed a web-based tool called DWFS, which used for feature
selection for different problems. This tool followed a hybrid approach of wrapper and
filter. First, the filter used as preprocessing and select the top ranked features based
on tunable and a predefined threshold. In the next step, parallel GA based on wrapper
approach applied to the selected features to search for subset features that increase the
classifier accuracy. The scheme of parallel GA was Master-Slave; the master node used
to create initial population and GA steps. While the slave (worker) nodes used for fitness

evaluation of each chromosome, this implementation is performed on 64 core.

For evaluation, they used three different classifiers (Bayesian classifier, K-nearest neigh-
bor, and a combination of them). The results of the experiments show that DWFS tool
provided many options to enhance the feature selection problem in different biological

and biomedical problems.

In [39] Pinho et al., presented a framework called ParJEColi (java-based library) for a
parallel evolutionary algorithm in bioinformatics applications. The aim of this platform
was to make the parallel environment (multi-core, cluster, and grid) easy and trans-
parent to the users. This library adapted itself to the problem and the target parallel
architecture. The user can easily configure the parallel model and the target architec-
ture; since, ParJEColi encapsulated the parallelization concerns as features. The explicit

steps implemented by a simple GUI.

The experiments for validation this framework were done on 2 biological dataset and
many bioinformatics scenarios. The results indicate that the proposed framework im-

proves the computational performance (decreases execution time) also the solution qual-

ity.

3.3.2 Parallel CHC

In [9] Peralta et al., presented a parallel evolutionary algorithm called CHC algorithm
by using the MapReduce paradigm for selecting features in high dimensional datasets
to improve the classification. The parallelization of CHC algorithm is done by using

MapReduce procedure (Hadoop implementation).

A cluster of computers of 20 computing nodes were used. FEach dataset split into 512-
map task. For evaluating their work, three classifiers where used SVM (support vector

machine), logistic regression, and Bayesian classifier.



CHAPTER 3. LITERATURE REVIEW 19

The results showed that the run time for classification increased as the number of features
decreased, except for Bayesian classifier. They explained this result as follow: if the
number of blocks less than the number of computing machines; this leads to have some
machines remain idle. In addition, if the number of blocks greater than the number of

computing machines, the blocks maybe will not distributed in efficient way.

They compared parallel CHC with the serial version, and they concluded that the accu-
racy of classification increased by using parallel CHC. Furthermore, the parallel version

of CHC reduced the run time when the datasets is high dimensional.

3.3.3 Parallel PSO

PSO is an efficient optimization technique, it used to solve the problem of feature selec-
tion in high dimensional datasets. In [20] Chen et al., used the parallel PSO algorithm
for solving two problems at the same time. By creating an objective function that takes
into account three variables at the same time (the selected features, the number of sup-
port vectors, and average accuracy of SVM). In order to maximize the capability of SVM

classifier in generalization.

The proposed method called PTVPSO-SVM (parallel time variant particle swarm opti-
mization support vector machine), it had two phase: 1) the parameter settings of SVM
and feature selection work together. 2) the accuracy of SVM evaluated using the set of

features and the optimal parameters from the first phase.

They used parallel virtual machine (PVM) with 8 machines; and 10-fold cross validation.
The results showed that they could achieve the following aims: increasing the accuracy
classification, reducing the execution time comparing with sequential PSO, producing
an appropriate model of parameters, and selecting the most discriminative subset of

features.

Feature selection can be carried out based on rough set theory with searching algorithm
as in [10, 22].

In [10] Qian et al., proposed three parallel attribute reduction (feature selection) algo-
rithms based on MapReduce on Hadoop. The first algorithm was built by constructing
the proper (key, value) by rough set theory and implementing MapReduce functions.
The second algorithms were done by realizing the parallel computation of equivalence
classes and attribute significances. The last parallel algorithm was designed to acquire

the core attributes and a reduce in both data and parallel task.

The experiments are performed on a cluster of computers (17 computing node). They

considered the performance of the parallel algorithms, but they did not focus on the
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classification accuracy; since the sequential and parallel algorithms gave the same re-
sults. The results showed that the proposed parallel attribute reduction algorithms could
deal with high dimensional datasets in an efficient way and better than the sequential

algorithms.

In [22] Adamczyk, use rough set theory for attribute reduction, to increase the efficiency
he implemented parallel Asynchronous PSO for this problem. The parallelization was
done by assigning the complex function computations in slave cores and the main core

make the updating particle and checking the convergence of the algorithm.

From their experiments it was noticeable that the efficiency and speedup of parallel PSO
algorithm were raising as the size of dataset increased. The achievable accuracy was not

astonishing, but it was better than the classical algorithms.

3.3.4 Parallel GPSO

In [4] Garcia-Nieto et al., parallelized a version of PSO called GPSO which is suitable for
feature selection problem in high dimensional datasets. The proposed method was called
PMOS (Parallel multi-swarm optimizer). Which was done by running a set of parallel
sub PSOs algorithms, which forming an island model. Migration operation exchanged
solutions between islands based on a certain frequency The aim of the fitness function

increasing the classification accuracy and reduce the number of selected genes (features).

They used the SVM classifier (Support Vector Machine) to prove the accuracy of the
selected subset of features. In their experiments, they used a cluster of computers as
a parallel architecture. They found that 8-swarm PMSO was the best choice for paral-
lelization. The results pointed out that this algorithm was better than the sequential
version and other methods in term of performance and accuracy while it selected few

genes for each subset.

3.3.5 Parallel SS

In [5] Lopez et al., present a parallel SS metaheuristics for solving feature selection
problem in classification. They proposed two methods for combining solutions in SS.

The first method is called GC (greedy combination): in this strategy, the common
features of the combined solutions are added, then at each iteration one of the remaining

features is added to any new solution.

The second strategy is called RGC (reduced greedy combination), it has the same start

as GC, but in the next step, it considers only the features that appear in solutions with
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good quality. Then the parallelization of SS is obtained by running these two methods
(GC, RGC) at the same time on two processors. Using different combination methods

and parameters settings at each processor.

They compared the proposed parallel SS with sequential SS and GA. The results show
that the quality of solution in parallel SS is better than solutions which was obtained
from the sequential SS and GA. Also, the parallel SS use a smaller set of features for

classification. The run time is the same for parallel and sequential SS.

3.3.6 Parallel ACO

This subsection shows how the parallel ACO is used to solve feature selection problem

for classification in high dimensional datasets.

In [40] Meena et al., implemented a parallel ACO to solve the feature selection prob-
lem for long documents. The parallelization was done using MapReduce programming
model (Hadoop) that automatically parallelize the code and data then run them on a
cluster of computing nodes. The wrapper approachis used as evaluation criteria that
used Bayesian classifier. Furthermore, the accuracy of the classifier was based on these

metrics: precision, recall, accuracy and F-measure.

The enhanced algorithm (parallel ACO) was compared with ACO, enhanced ACO, and
two feature selection methods, CHI (Statistical technique) and IG (Information Gain).
They used Bayesian classifier in evaluation process. The results showed that for a given
fixed quality of the solutions the proposed algorithm could reduce the execution time
but without considered the solution quality. On the other hand, the accuracy of the
classifier was increased using parallel ACO comparing with sequential ACO and feature

selection methods.

In [14] Cano et al., parallelized an existing multi-objective ant programming model that
used as the classifier. This algorithm was used for rule mining in high dimensional
datasets. The parallelization was done on data and each ant encoded a rule. This was
achieved by let each processor perform the same task on a different subset of the data
at the same time. In the implementation, they used GPUs, which are multi-core and

parallel processor units architecture. This parallel model Followed CUDA method.

For evaluation they used these metrics: true positive, false positive, true negative, false
negative, sensitivity, and specificity. The results indicate that the efficiency of this model

was increased as the size of datasets increased.
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TABLE 3.1: Summary of algorithms and programming models

Used Parallel
Algorithm evolutionary | Programming
algorithm model
Peralta et al., [9] (Versigfgf GA) MapReduce
Garcia-Nieto et al., [4] GPSO MALLBA
Adamczyk [22] PSO Unknown
Chen et al., [20] PSO PVM
Liu et al., [11] GA Unknown
Lopez et al [5] SS Unknown
Soufan et al., [24] GA MPI
Meena et al., [40] ACO MapReduce

3.4 Summary

The summary of the papers that implemented the parallel EA for solving the classifica-
tion problem in high dimensional datasets is reported in Table 3.1 and Table 3.2.

Many research papers [4, 14, 22, 35, 38, 39, 41], stated that we can reduce the execution
time and achieve acceptable speed ups, when applying parallel evolutionary algorithms
on multiple processors. We noticed that they achieved a reasonable speed up in many

cases.

In the next table (Table 3.2), when comparing the accuracy of parallel EA it is important
to notice how many classifiers were used to measure the accuracy. Furthermore, we
should consider the metrics that were used to evaluate the classifier. For example, the
parallel PSO and its variants have the higher accuracy; but they used only one metric
which is the success rate. This means that the parallel PSO is not the most accurate
parallel EA based on Table 3.2.

On the other hand, the parallel GA and its variant has the least accuracy, but they used
from two to five metrics for evaluation purpose. Based on these metrics, we can say
that the parallel GA is the best parallel EA for feature selection in high dimensional

datasets.

After the review of different parallel EA that are used to solve the feature selection prob-
lem in high dimensional datasets. We adopted the accuracy as a measure to compare

the algorithms performance.
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TABLE 3.2: Summary of algorithms, datasets, classifiers, and classification results

Metric for

Algorithm | Dataset | Classifier Classification Result
Peralta . . AUC =
ot al., [9] Epsilon Bayesian (TPR+TNR)/2 0.17
SVM 0.68
Loglst?c 0.70
Regression
]ff]égg Bayesian 0.67
SVM 0.63
Loglst}c 0.63
Regression
Nieto Success
ot al., [4] Colon SVM Rate 0.85
Lymp 0.97
Leuk 0.98
Lung 0.97
Adamczyk 15 Success 0.70
et al., [22] | datasets - Rate (Avg)
Chen 30 Success 0.87
et al., [20] | datasets SVM Rate (Avg)
ot aﬁu[ 1] Leukemia Golub Sl;:;tiss 0.88
Colon —
Lopez 12 Nearest Success 0.86
et al., [5] datasets | Neighbor Rate (Avg)
Bayesian 0.87
(Avg)
Decision 0.86
Tree (Avg)
Soufan 9 K Nearest GMean 0.81
et al., [24] | datasets | Neighbor (Avg)
Bayesian 0.79
(Avg)
Meena 2 Bayesian Recall 0.64
et al., [40] | datasets Precision (Avg)

23
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The following points show our conclusion about the performance of the mentioned algo-

rithms in this chapter for feature selection:

GA and its variants: based on the papers we reviewed, the parallel GA has the

higher accuracy.

PSO and its variants: the parallel PSO has the same accuracy as sequential PSO.

SS: parallel SS gives better results in case of accuracy than GA and sequential SS.

ACO: parallel ACO has the less accurate results than the other parallel EA.



Chapter 4

Proposed algorithm and
methodology

In this chapter we will explain the benchmark datasets which have been chosen in this
research. The methodology that we used in this thesis aims to enhance the classification
accuracy and reduce the execution time, especially when dealing with high dimensional
datasets. The proposed approach is used the wrapper feature selection method based

on scatter search algorithm.

The first Section 4.1, will introduce the benchmark datasets. In Section 4.2, we will
show a general description of our approach. Then, in Section 4.3, we will talk about
the sequential version of the proposed approach. Finally, Section 4.4, will handle the

parallel version of the proposed approach.

4.1 Benchmark datasets

Five benchmark datasets (Arcene, Madelon, Mushroom, Spambase, and Gisette) have
been chosen in order to test our proposed approach. All datasets were used in this
work are two-class classification problems. Arcene, Madelon, and Gisette datasets are

considered as feature selection challenge [42].

In order to compare our proposed wrapper approach built on sequential scatter search
with wrapper approach that built on genetic algorithm [8], and with filter approach
built on particle swarm optimization algorithm [1]; we used the same datasets which
are: Madelon, Arcene, and Mushroom datasets. In our experiments we used the same

virtual server that was used in [1] and [8].

25
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TABLE 4.1: Summary of the datasets used in the experiments

Dataset Number Samples in Samples in Samples in All
of features | Training data | Testing data | Hidden data | samples

Madelon 500 1334 666 600 2600

Arcene 10000 67 33 100 200

Mushroom 22 3611 1805 2708 8124

Spambase 57 2046 1022 1533 4601

Gisette 5000 4000 2000 1000 7000

The spambase dataset used in order to compare our proposed approach with other works
like [43], in which they are used the neural networks for classification. The Gisette
dataset used in order to compare the proposed approach with other works like [44], in
which they are used parallel implementation in R language of the weighted subspace

random forest algorithm.

All the datasets that we used in this work are taken from UCI machine learning repos-
itory [42]. Table 4.1 shows a summary of these datasets, the number of features, and
the number of samples. The samples in each dataset are divided between three parts:
training data, testing data and hidden data. The last part which is the hidden data is

used for final evaluation of the selected subset of features.

4.2 (General description of the proposed approach

This section will discuss the the wrapper steps of the proposed approach, then the SS
operations will be described, after that we will talk about the cross validation that is

used in this research, finally, the performance evaluation and fitness calculation.

Theoretically, the best subset of discriminate features can be done by finding all possible
candidates for the solution and checking whether each candidate satisfies the problem’s
statement, which known as exhaustive search. But in order to perform it on the feature
space, it needs to search 2" possible subsets of n features; this is almost impractical
to conduct it [8]. On the other hand, metaheuristics methods is suitable way to find
solution for this problem in a reasonable time [4, 6, 7]. This motivate us to develop our

approach to handle the feature selection problem in high dimensional datasets.

The proposed approach is built on wrapper approach that uses scatter search algorithm
for feature selection. This research aims to enhance the classification performance and
reduce execution time especially for high dimensional datasets. However, these advan-
tages come with a cost, as searching for relevant and discriminative feature subset that
increase the classification accuracy introduces additional computational complexity and

requires a high dimensional number of fitness evaluations to get an adequate solution.
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4.2.1 Wrapper feature selection steps in the proposed approach

The wrapper approach relies on a classification algorithm that is used as a black box to
evaluate each candidate subset of features. In this work the algorithm is SS, the major
bottleneck for SS feature selection is the classifier training; because the training phase

is repeated a lot of times in every step of the evolutionary process.

Learning data

!

Cross validation

Training data Testing data

Scatter Search algorithm

Classifier (SVM, RF)

Wrapper subset evaluation

Black box

Mo Bound
condition

Yes

Hidden data Selected features

V A
Final evaluation

FIGURE 4.1: Wrapper feature selection using SS algorithm

As seen in Figure 4.1, the datasets is split into learning data and hidden data. The
learning data is split into two part: training and testing. The training data is used
to train the model black box, the testing data is used evaluate the candidate subset of
selected features. The hidden dataset is used in final evaluation for the best subset of

the selected features.

The steps of the wrapper feature selection model that is used in this research are as

follow:-
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1. A candidate subsets of features are generated by using a search strategy, in our

approach we used the Scatter Search algorithm.

2. Evaluate the generated candidate subsets of features using wrapper subset evalu-
ater. The quality of the candidate subset is evaluated by the performance of the

chosen classifier obtained on the training data.

This step is continues until reaching the bound condition. There are two types of

bound conditions which are [8]:-

e Bound condition based on a generation procedure: in this type the number

of iterations or the number of selected features is predefined.

e Bound condition based on an evaluation function: the operations are repeated

until optimal subset is reached according to some evaluation function.

In this research the first type is used since; the number of iterations is predefined.
Our experiments show that for this type of search algorithm (SS), few numbers of
iterations will return the final result within a reasonable time. So, the range of

iterations used in our experiments is (3-9)

3. Validation; where we check whether the selected feature subset is valid or not

based on the classification results.

As mentioned in the first step of the wrapper feature selection model, we used a search
strategy in order to generate a subsets of selected features. In this work, we used the
scatter search algorithm for this purpose. There are two versions of the SS that have
been implemented in this research, which are sequential scatter search, and parallel

scatter search algorithms. The next sections 4.3, and 4.4 will discuss these two versions
of the SS.

4.2.2 Scatter search algorithm operations

In our research, we have customized some operations of the SS in order to enhance the
classification accuracy and reduce execution time. First of all, we will talk about the
solution representation that is used in our algorithm, then the operations of SS will be

explained.

f1 fa fs fa fs fs 5 fs fa e £
[oT1JoJo[a[aJoJ1Jo] 1]

FIGURE 4.2: Solution representation in the proposed approach
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Solution representation:-

In our SS algorithm the representation of the solution used is illustrated in Figure
4.2. Each solution S is a vector of length n, where n is the number of features in the
dataset. If the feature f is selected the value that represent this feature will be 1, while

0 means that this feature is not selected in this solution. The solution can be defined

as: S ={fo, fi,.., fn}

The operations of SS algorithm are:-

e Generating the initial population of solutions: in this operation we generate the
initial set of solutions (Pop) based on a predefined population size. The size of
the initial population (PSize) of solutions is ranged from 8 to 64 solutions. This
population is divided into two equals sets. The first set of solutions is generated
randomly. The second set of solutions is generated by inverting each solution in
the first set. We use this technique in the second set of solutions to guarantee the
diversity in the population. The initial population of solutions can be defined as:

pop = {511, S12, ..., Sin}, where n is the number of solutions in the population.

fio, fity ooy fin 1< %
Sij =

f;()vf;la"‘af;n ? > %

This operation can be understood from the example that is illustrated in Figure
4.3. For example fi in the first solution is not selected (0), this means that this

feature will be selected (1) in the second solution.

f1 f2 fa fa fs fs 7 fa fa I £,
| 0 | 1 | 0 I 0 | 1 | 1 | 0 | 1 | 0 | - | 1 |
Initial random solution

fi 2 3 fa fz f: f7 fz fz — fa
[CToli[iJofoltJols — o]
Diverse solution of the above iniial random solution

FIGURE 4.3: Generating an initial random solution and its diverse solution

e Improvement operation: in our work we implemented the improvement operation
in two different ways: deterministic improvement and random improvement, the

descriptions of them are as the following:-

— In the deterministic improvement operation: we generate n candidate solu-

tions from each initial solution, where m is the number of features in the
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dataset. Then after evaluating all these solution we will choose the best so-

lution from the n+1 solutions (n candidate solutions and one initial solution).

This way is illustrated in Figure 4.4 | this example explains how the candi-
date solutions are generated from the solution. By changing the value of each
feature we will have a new solution. Here there are 9 features, so we will gen-
erate 9 candidate solutions from this initial solution. Since it has 9 features,
and each time the value of each feature will be changed. For example, the
first feature fi is not selected (0) in the initial solution, so it will be selected

(1) in the first candidate solution.

fi fa 5 fa s f& H & fo
[oJ:foJoJa]a]

1 | 0 I Aninitial solution

[=]

fl fz fS fﬂ fE fS f]' fi f;“-‘
[i]afoJoJaJaJoJiJol]

fi fa fs fa fs fs £ s fo
fofofofoJiJifo[1]o]

fi f: 5 fa s fs fr 1 fa
[o]s[aJoJa]aJol1]0]

fi f: 5 fa s fs fr 1 fa
[o[1foJa]J1]1fof1]o]

fi fz 5 fa s fs f 15 fa
f[of1ofoJoJifo[1]o]

SUOINIOS 20pIpUED

fi f: 5 fa fs fs f fa fs
[ols1fofJoJi1Jofo[1]o]

fi fa £z fa s fo f fz f

[of1JoJofaiJifal1fo]
f1 fz fg f4 fs fs f? fi fE
[olsJofofaJsJofoJol]
f1 fz fg f4 fs fs f? fi fE
[oli1JofofsJaijofiful]

FIGURE 4.4: Deterministic improvement operation

— In the random improvement operation: the number of generated candidate
solutions from each initial solution will be a random number of solutions that
ranged from 5 to n, where n is the number of the features in the dataset.
Furthermore, the number of changed values for the features is a random

number that ranges from 1 to n/5, this number (n/5) is chosen according to
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our experiments. Then after evaluating all these candidate solution we will
choose the best solution.

In Figure 4.5 we show an example that helps in understanding the second
way of the random improvement operation that is used in the proposed ap-
proach. In this example, r is a random number, this number determines how
many features we will change their values. For example, at the first time r=1
this means that the value of the first feature f; will be changed from not
selected (0) to selected (1). But, in the second time r=3 this means that the
values of (fa2, f3, and f4) will be changed from (1, 0, 0) to (0, 1, 1) respectively.

The number of candidate solutions that are obtained from the random im-

provement operation is C":

1. Maximum C' is obtained from minimum 7, where r=1, then C=Number

of features in the dataset.

2. Minimum C'" is obtained from maximum 7, where r=n/5, then C'=5.

fi B i i fs £ fi s
[o]J1JoJoJaJaJo] 1] 0] annitssoiton

r=1
f. f: fi fu fi fs i fi fs
[if1JoJofaiJiJoJ1]o]

r=3
fi o f2 fa i £ £ i s
[ofofJaJafiJiJoJi]ol]

r=4
fi fa fs fa fs fs f3 fa fs
[oJi[1JoJoJoJrlo]ol]

SUMIIN 0% a1eJIfLE]

r=1
fi fa fs fa fs fs 5 fa fo
[oJafoJaiJafJaJola]al]

—

FIGURE 4.5: Random improvement operation

The deterministic improvement was not suitable for our work; since it doesn’t
enhance the solutions quality and not give adequate subset of selected fea-
tures. Furthermore, this way takes long learning time and gives bad classi-
fication results. The random improvement gives high quality solutions and

takes less time than the deterministic improvement.

e Reference set generation: After improvement the solutions, the reference set will
be updated. This set (RefSet) has two sub sets which are RefSet; and RefSets,
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the number of solutions in RefSet; set is greater than it in the RefSets set
[5]. The RefSet; set contains the best solutions from the initial population. On
the other hand, the RefSety set has the diverse solutions that have the maximum
distances from the best solutions (i.e, the worst solutions in the initial population).
The size of RefSet and RefSet; is predefined number then the size of RefSets is
RefSetSizea=RefSetSize- Re f SetSize;.

e Solutions combination operation: this operation is like the crossover in the genetic
algorithm. This operation is explained in the example in Figure 4.6. In this
example r is a random a number that determines the point where to combined

two solutions.

Here, as shown in Figure 4.6, r=4, this means that the first 4 features of solution
1 are the first 4 features in the combined solution 1. Also, the first 4 features of
solution 2 are the first 4 features in the combined solution 2. The rest features in
solution 1 will be the rest features in the combined solution 2. Furthermore, the
rest features in solution 2 will be the rest features in the combined solution 1.

r=4
fi i 5 fa fs fs f s fo
[o]JaJoJol1JoJoJa]o] soutiont

f1 fz fa fq fs fs f? fi fE
[1]1 [oJ1J1JoJ1]0] soumonz

= |

1 f2 fs fi fs fs f fa fa
[0]JaToJoJaiJaJoT]1]0] combnedsoumion1

fi f. i fa fs fs i fz fo
[fJrJaJoJ1JoJoJ2a] 0] combiedsolionz

FIGURE 4.6: Solutions combination operation

In this thesis the solutions combination operation has been customized in a way
that will enhance the solution quality. This operation is divided into three parts

as the following:-

— The first part: The best solutions are combined in this part, the number of

solutions that results from this part is b;.

— The second part: The diverse (worst) solutions are combined in the second

part, here there will be by solutions.

— The third part: In the last part the best and diverse solutions are combined,
we combined each worst solution with one best solution. Here, the number

of solutions is 2%bs.
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e Remove redundant solutions: After combining the solutions and choosing the best
solutions that result from the combination then, may be there will be redundant
solutions. In our work we have implemented this operation that remove any re-

dundant solutions in order to have a diverse solutions.

4.2.3 Cross validation

To evaluate the results of the proposed approach we split each dataset into two sets,
learning and hidden sets. For the learning set we use 3-fold cross validation, The first
fold is 70% of samples for training, and the second fold is 30% of samples for testing
phase. In this thesis at every execution we randomly splitting the learning set between
training and testing parts. The hidden set isn’t used in training nor testing, it is used
only for final evaluation of our proposed approach. For more information about the
number of samples and the size for the learning data and hidden data in each dataset

return to Table 4.1.

4.2.4 Performance evaluation

To measure the performance of the proposed approach; the classification results for the
hidden data is compared with results with previous works which are used the same

datasets, but these works used Accuracy (ACC) as a fitness function.

Area Under Curve (AUC) is better than ACC as proved in [45]; so in this work we used

AUC as a fitness function to measure and evaluate the classification performance.

The formula for calculating the Accuracy as the following [8, 45]:-

TP+ TN
TP+TN+ FP+FN

Accuracy = (4.1)

Where,

e TP (True Positive): is the number of positive samples that are classified correctly.

FP (False Positive): is the number of negative samples that are classified as posi-

tive incorrectly.

e TN (True Negative): is the number of negative samples that are classified correctly.

FN (False Negative): is the number of positive samples that are classified as

negative incorrectly.
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TABLE 4.2: Confusion matrix

Positive samples (4) | Negative samples (-)
Yes TP FP
No FN TN

Table 4.2 is the confusion matrix [45] that illustrates the meaning of TP, FP, TN, and
FN.

The formula for calculating the AUC as the following [45]:-

STR(+) — (TP + FN)(FP+TN +1)/2

AUC = TP+TN + FP+ FN

(4.2)

Where, > R(+) is the sum the R (Ranks) of all positively classified examples.

4.3 Sequential version of the proposed approach

As mentioned in section 4.2, the first step of the wrapper feature selection model, is using
a search strategy in order to generate a subsets of selected features. In this research,
we used the scatter search algorithm for this purpose. This section will discuss the

sequential version of the scatter search.

In Figure 4.7 the basic operations of the sequential scatter search are illustrated. These
operations are: generation initial population of solutions, improvement operation, eval-
uation, generation reference set of solutions and combined the solutions in the reference
set. These steps are repeating until condition is met. The definition and the implemen-

tation of the SS algorithm’s steps were discussed in details in section 4.2.

4.3.1 Theoretical time analysis

Here, we will explain the complexity of the sequential version of the scatter search
algorithm that is used in this research. The Big-Oh notation will be used to describe
the performance complexity (worst-case scenario) of an algorithm. For example, if there

is m number of instances, going once through all the instances has the complexity of

O(n) [8].

SS complexity depends on its operations implementation, number of features in the

dataset, population size, number of generations, and mainly on the fitness function.
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Initial population of solutions

Improvement and evaluation

h J

Generate reference set

Solutions combinations

Repeat until bound

condition is met

FIGURE 4.7: Sequential version of the scatter search algorithm

So, any change in these factors will affect on the overall complexity. In general, the

sequential time complexity of the basic SS operations can be expressed as follow:-

OT*(S+«N)+S+S+(S«N)) (4.3)

Where,
T: number of iterations.
S: number of solutions.

N: number of features.

The previous equation can be simplified to be:

OT*(2xS+2%xS%N)) (4.4)

Which is equal to:
OR2*xT*S+2+T+S5«N) (4.5)

The complixity of sequential SS algorithm is:

O((2TSN)(N + 1)) (4.6)
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4.4 Parallel version of the proposed approach

Section 4.3 discussed the sequential version of scatter search algorithm. The second
version of the proposed approach is the parallel scatter search algorithm, which will be
discussed in this section. Then the communication and synchronization between master
and worker processes is explained. Finally, we will talk about the time complexity for

the parallel version of scatter search that is used in this research.

4.4.1 The parallel model for SS algorithm

In the SS algorithm the improvement operation takes the longest execution time com-
paring with other operations in the SS algorithm. Based on this reason when the parallel
version of SS was implemented, the improvement operation was distributed between the
worker processes. On the other hand the rest operations of SS algorithm was executed

by the master process.

The master-worker parallel architecture that we used in this research is illustrated in
Figure 4.8. The master process initializes solutions and distributes solutions, then while
the workers do their tasks the master applies improvement and evaluation on it’s so-
lutions. Each Worker process applies improvement operation, evaluates the solutions,
then returns the best solution to the master process. When the workers finished their
tasks then the master process collects solutions from workers, updates Reference Set,
combines solutions. After that the combined solutions are distributed between workers

for improvement and evaluation.

4.4.2 Communication and synchronization

Communication and coordination (synchronization) are crucial factors to collaborate
cores in an efficient manner so that errors do not occur. In the following we demonstrate

the aspects of communication and synchronization that were used in our study.

Communication: We used point-to-point communication; which is communication

between two processes. To complete this task the following steps are needed:-

1. Solutions distribution:

e Before this operation starts, the master process divides the solutions equally

between the worker processes, then it gets the reminder solutions.

e The distributions of solutions among the worker processes, there are two

messages must be sent to each worker:-
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The master process:

Initializes solutions.

Distributes solutions

Y

Applies improvement and evaluation on the master’s

solutions
\ Each Worker:

Applies Improvement
operation.

Evaluates the solutions.

Returns best solution
to master.

Then the master process:

Collects solutions from workers.
Updates Reference Set.

Combines solutions.

Repeat until bound condition is met

FIGURE 4.8: Parallel version of the scatter search algorithm

— The first message includes the number of solutions that will be sent to
the worker.
— The master will send the second message which includes the solutions

that will be improved at this worker.

2. While the workers processes doing their jobs, the master process applies improve-

ment operation on its solutions.

3. Solutions collection:

e When the worker process applied the improvement operation on its solutions,
it will send a message to the master, this message includes the best solution
that results from applying the improvement operation on each solution of the

worker’s solutions.

Number of needed messages: Suppose we have number of processors is P, and S

solutions. On average there will be S/P solutions per processor in every iteration of the
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2
algorithm. FEach of the (P-1) worker process will need - + 2> messages (for each

iteration) to receive its S/P solutions and return back the improved solutions to the

master process.

Synchronization: There is a synchronization point among processes. So, all processes
must reach a point in their code before they can all begin executing again. This point
when all workers processes finished their job and send a flag message to the master.
When the master receives this message from all workers, then the next iteration will

start.

4.4.3 Theoretical time analysis

As mentioned previously, the time complexity for the sequential SS algorithm is: O(2T'SN).
Here the time complexity for the parallel SS algorithm is:-

(4.7)

2TSN
avo (23

Where A is the overhead of the used parallel hierarchy, and P is the number of the
processors. The overhead in the parallel SS algorithm comes from two sources, they

are:-

e In each iteration there are two times of improvement operation, so there are two

times of communication and synchronization between master and workers.

e The machine that was used in this work is a virtual server not physical.



Chapter 5

Experiments and results

This chapter presents the experimental results of the proposed approach, work environ-
ment and experimental settings. Furthermore, the algorithm enhancement, the results

of the sequential and the parallel versions of the proposed approach will be discussed.

5.1 Experimental environment settings

In the following steps we describe the experiments setup:-

e Parallel computing environment
Due to the fact that we are working on high dimensional datasets; our experiments
were run on a virtual server with 32 processors, each has 2200.026 MHz CPU, 512
KB cache size and the total memory 24.6 GB.

This server operates on CentOSLinuz, with all needed programming libraries and
tools for C and R. The parallel programming paradigm was used is the Open

Message Passing Interface (Open MPT) V1.10.2 with all support libraries and tools.

e Open MPI
Among the distributed memory programming models, the MPI model is commonly
used to parallelize applications. MPI is an explicit programming model. The
programmer implements the distribution of the tasks, communication between

them, and decides how the work is allocated between the various threads [33].

With the emergence of multi-core systems, hybrid programming models have also
been developed. Within a single node, fast communication through shared memory
can be exploited, and a networking protocol can be used to communicate across the
nodes. Programs can then take advantage of both shared memory and distributed

memory [33].

39
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TABLE 5.1: Best classification results obtained from the deterministic improvement
operation in the sequential SS algorithm using RF or SVM classifiers

Dataset Arcene | Madelon
AUC in Training 0.73 0.56
AUC in Testing 0.70 0.50

5.2 Algorithm enhancement

This section discusses the enhancement of the algorithm, in particular how we imple-
mented and customized the improvement operation in order to enhance the classification
performance for high dimensional datasets and also reduce the execution time. This sec-

tion will compare the results of deterministic improvement and random improvement.

5.2.1 Deterministic improvement operation

Table 5.1 shows the results of AUC for two datasets which are Arecene and Madelon.
The classification performance was 0.73 for Arcene dataset in training phase for training
data, and 0.70 in testing phase for hidden data. For Madelon dataset the results were:
0.56 for train data in training phase, and 0.50 in testing phase for hidden data. Which

means that bad results comparing with previous works in [8] and [1].

AUC results for Arcenedataset

1 0.91 0.89
09

0.8
0.7 A
0.6
0.5

AUC

0.4 A
0.3
0.2
01

P50 (Hybrid filter wrapper) GA (Wrapper) 55 (Wrapper)
Algorithm

FIGURE 5.1: Comparing the classification results for Arcene dataset in the testing
phase of deterministic improvement for SS with other algorithms

Figure 5.1 and Figure 5.2 illustrate the results of previous works [8], [1] and the results
of AUC of the deterministic improvement method that was used in this research. Fig-
ure 5.1, shows the AUC results for Arcene datasets. The PSO algorithm with hybrid
wrapper-filter approach has the best result 0.91. While the SS has the worst results
0.70. From Figure 5.2, it is noticeable that the genetic algorithm with wrapper approach
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AUC results for Madelon dataset
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FIGURE 5.2: Comparing the classification results for Madelon dataset in the testing
phase of deterministic improvement for SS with other algorithms

TABLE 5.2: Best classification results obtained from the random improvement opera-
tion in the sequential SS algorithm

Dataset Arcene Madelon
(SVM classifier) | (RF classifier)
AUC in Training 0.99 0.92
AUC in Testing 0.93 0.92

that was used in [8] has the best AUC result 0.84 for Madelon dataset; while the SS
has the worst results 0.50.

5.2.2 Random improvement operation

After we customized the improvement operation, the AUC results become better, these
results are listed in Table 5.2. The classification performance was 0.99 for Arcene
dataset in training phase for training data, and 0.93 in testing phase for hidden data.
For Madelon dataset the results were: 0.94 for train data in training phase, and 0.92 in
testing phase for hidden data. Which means that best results comparing with previous

works in [8] and [1].

Figure 5.3 and Figure 5.4 illustrate the results of previous works [8], [1] and the results
of AUC of the random improvement method that was used in this research. Figure 5.3,
shows the AUC results for Arcene datasets. The SS algorithm with wrapper approach
has the best result 0.93. Also from Figure 5.4, it is noticeable that the SS algorithm
with wrapper approach has the best AUC result 0.92 for Madelon dataset.

The above results and discussion explain how the customized improvement operation
enhanced the classification performance. Furthermore, since the random improvement

operation produce random number of candidate solutions; this means that we don’t
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FicUre 5.3: Comparing the classification results for Arcene dataset in the testing
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FI1GURE 5.4: Comparing the classification results for Madelon dataset in the testing

phase of random improvement for SS with other algorithms

TABLE 5.3: Comparing the learning time for the deterministic and random improve-

ment operation

Dataset Arcene | Madelon

Learning time for

e 30 hours | 48 hours
deterministic improvement

Learning time for

. 14 hours | 22 hours
random improvement

42

evaluate all possible candidate solutions. The needed learning time will be less than the

time that is needed when the deterministic improvement is used, see Table 5.3.
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5.3 Sequential scatter search for feature selection in high

dimensional datasets

This section will present and discuss the results of classification performance (AUC and
execution time) for the sequential SS algorithm for feature selection in high dimensional
datasets. Furthermore, we will compare our results of sequential SS with other works

that used the same datasets.

5.3.1 Arcene dataset’s results and discussion

This section will discuss the classification results for Arcene datasets, and comparing
the classification performance of the sequential SS that built on wrapper approach with
the GA built on wrapper approach [8], and with PSO algorithm that built on hybrid
filter wrapper approach [1].

Figure 5.5 presents the classification results for Arcene dataset using Random Forest
(RF) classifier. Here we compare the sequential version of SS that used in this research
with GA that built on wrapper approach [8] and with research in [1] that used PSO and
built using filter wrapper approach. The results were: the SS and the GA has 0.85,
while the PSO has 0.89.

AUC results for Arcene dataset
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FIGURE 5.5: Classification results for Arcene dataset using RF classifier with different
algorithms in the testing phase

Figure 5.3 in section 5.2.2, presents the classification results for Arcene dataset using
Support Vector Machine (SVM) classifier. Here we also compare the sequential version
of SS that used in this research with GA that built on wrapper approach [8] and with
research in [1] that used PSO and built using filter wrapper approach. The SS has 0.93,



CHAPTER 5. EXPERIMENTS AND RESULTS 44

TABLE 5.4: Comparing the classification results for Arcene dataset in the testing phase

Algorithm RF classifier | SVM classifier
GA (Wrapper) 0.85 0.89
PSO (Hybrid filter) 0.89 0.91
SS(Wrapper) 0.85 0.93

the PSO has 0.91, while GA has 0.89. We can notice that the proposed approach that

used SS has enhance the classification performance for Arcene dataset.

Table 5.4 compares the SS with previous works in [8] and [1] for Arcene dataset when us-
ing RF and SVM classifiers in evaluation phase. Our approach has the best classification

result (AUC = 0.93) for Arece datasets when we used SVM classifier.

5.3.2 Madelon dataset’s results and discussion

This section will discuss the classification results for Madelon datasets, and comparing
the classification performance of the sequential SS that built on wrapper approach with
the GA built on wrapper approach [8], and with PSO algorithm that built on hybrid
filter wrapper approach [1].

Figure 5.4 in section 5.2.2, presents the classification results for Madelon dataset using
Random Forest (RF) classifier. Here we compare the sequential version of SS that used
in this research with GA that built on wrapper approach [8] and with research in [1] that
used PSO and built using filter wrapper approach. The results were:the SS has 0.92,
the GA has 0.84, while PSO has 0.82. It is noticeable that the proposed approach that

used SS has enhance the classification performance for Madelon dataset.

AUC results for Madelon dataset
0.8 .74
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0.5
g o0a
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GA[Wrapper) PSO(Hybrid filter-wrapper) 55(Wrapper)
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FI1GURE 5.6: Classification results for Madelon dataset using SVM classifier with dif-
ferent algorithms in the testing phase
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TABLE 5.5: Comparing the classification results for Madelon dataset in the testing

phase
Algorithm RF classifier | SVM classifier
GA (Wrapper) 0.84 0.74
PSO (Hybrid filter) 0.82 0.50
SS(Wrapper) 0.92 0.50

Figure 5.6 presents the classification results for Madelon dataset using Support Vector
Machine (SVM) classifier. Here we also compare the sequential version of SS that used
in this research with GA that built on wrapper approach [8] and with research in [1]
that uses PSO and built using filter wrapper approach. The SS has 0.50, the PSO has
0.50, while GA has 0.74.

Table 5.5 compares the SS with previous works in [8] and [1] for Madelon dataset when
using RF and SVM classifiers in evaluation phase. Our approach achieves the best

classification result (AUC = 0.92) for Madelon datasets when the RF classifier is used.

5.3.3 Mushroom dataset’s results and discussion

Mushroom dataset is the smallest dataset, the classification result was 1.0 for the ap-
proaches: SS, GA, and PSO. Furthermore this is the same result for RF or SVM classifier.
In Figure 5.7 the AUC is 1.0 for the three algorithms.

AUC results for Mushroom dataset
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FIGURE 5.7: Classification results for Mushroom dataset for different classifiers (RF,
SVM) and algorithms in the testing phase

5.3.4 Learning time

This section will present and compare the learning time for SS, and GA algorithms

for Arcene, and Madelon datasets. We will compare SS and GA only; since the both
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algorithms are built on the wrapper approach.

Learning time for Arcene dataset
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FIGURE 5.8: Comparing learning time (Hour) for Arcene dataset for GA and SS algo-

rithms
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Figure 5.8 depicts the learning time (Hour) for Arcene dataset. In GA the learning time

is 39 hours, while in the SS is reduced to 14 hours. This result shows the efficiency of

SS algorithm in the learning time for Arcene dataset.

Figure 5.9 illustrates the learning time (Hour) for madelon dataset. In GA the learning

time is 74 hours, while in the SS is reduced to 22 hours. Also, this result shows the

efficiency of SS algorithm in the learning time for Madelon dataset.

80 7

Learning time for Madelon dataset
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FIGURE 5.9: Comparing learning time (Hour) for Madelon dataset for GA and SS

algorithms
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5.4 Parallel scatter search for feature selection in high di-

mensional datasets

In section 5.3 we show the efficiency of sequential SS comparing with others works in term
of execution time and classification performance. This section will present and discuss
the results of classification performance (AUC and execution time) for the parallel SS
algorithm for feature selection in high dimensional datasets. Finally, we will compare the
learning time for the sequential version versus the the parallel version of the proposed

approach.

5.4.1 Arcene dataset

The classification performance for Arcene dataset is illustrated in Figure 5.10. The AUC
in learning phase is increased from 0.99 in sequential SS to 1.0 in parallel SS. On the
other hand, the AUC in testing phase is increased from 0.93 in sequential SS to 0.94
in parallel SS.

Arcene dataset
.94

0.9 +
0.8 +
0.7 7
0.6 +
0.5 1
0.4 +
0.3
0.2 7
0.1

AUC

B Paralle] 55

W Sequential 55

Leaming phase Testing phase
Phase

FIGURE 5.10: Comparing classification performance for Arcene dataset

Figure 5.11 compares the learning time for Arcene dataset in sequential SS and parallel
SS. It is clear that the parallel version enhanced the performance for the learning time.
The learning time for Arcene dataset in sequential SS was 14 hours; but this time is

reduced to 2 hours in parallel SS.

5.4.2 Madelon dataset

This part will compare and discuss the results for Madelon dataset in sequential SS and

parallel SS. The classification performance for Madelon dataset is illustrated in Figure
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FIGURE 5.11: Comparing learning time (Hour) for Arcene dataset for sequential and
parallel SS algorithm

5.12. The AUC has the same values in learning and testing for sequential SS and parallel
SS.
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FIGURE 5.12: Comparing classification performance (AUC)for Madelon dataset

Figure 5.13 compares the learning time for Madelon dataset in sequential SS and parallel
SS. It is clear that the parallel version enhanced the performance for the learning time.
The learning time for Madelon dataset in sequential SS was 22 hours; but this time is

reduced to 3 hours in parallel SS.

5.5 Spambase dataset

This part will compare the classification’s results for the Spambase dataset with the re-
sults in work [43]. In this research they used Artificial neural networks (HC-RBFN-PSO).

Figure 5.14 shows that the proposed approach has better classification performance for
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Learning time for Madelon dataset
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FIGURE 5.13: Comparing learning time (Hour) for Madelon dataset for sequential and
parallel SS algorithm
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FIGURE 5.14: Comparing classification performance for Spambase dataset for different
algorithms

Spambase dataset in learning and testing phases. For Spambase dataset, in learning
phase our approach has (AUC = 0.99), while the HC-RBFN-PSO has 0.94. Further-
more, in testing phase the classification result was 0.93 for HC-RBFN-PSO, and 0.98

for our approach.

5.6 Gisette dataset

This section compares the classification’s results for the Gisette dataset with the results
in work [44]. In this research they are used parallel implementation in R of the weighted
subspace random forest algorithm. Figure 5.15 presents that the proposed approach has
better classification performance for Gisette dataset. Our approach has (AUC = 0.99),
while the parallel RF has (AUC = 0.97).
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Figure 5.16 compares the learning time for Gisette dataset in sequential SS and parallel
SS. It is clear that the parallel version enhanced the performance for the learning time.
The learning time for Gisette dataset in sequential SS was 120 hours; but this time is

reduced to 40 hours in parallel SS.
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F1cUrE 5.15: Comparing classification performance for Gisette dataset for different
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FIGURE 5.16: Comparing learning time (Hour) for Gisette dataset for sequential and
parallel SS algorithm

5.7 Time analysis and performance

While we are using the parallel hierarchy, the number of cores we operate affects the
convergence time. The server that we used to run our experiments has 32 cores. Ac-
cording to our parallel methodology, one core is the master core and the other cores are

the workers.
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In the following subsections, we will handle the relationship between the parallel exe-
cution time and the number of running parallel cores, then we will discuss the speedup

performance.

5.7.1 Convergence of parallel execution time

Figure 5.17 shows the relationship between the number of running parallel cores and
the average convergence time. We found that as much as we increase the number of
running parallel cores, the algorithm converges faster. The performance does not have a
significant increment from 16 threads to 32 cores due to communication overhead and

virtual resource limitation especially memory size.

Average convergence time (min)
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FIGURE 5.17: The parallel execution time with different number of parallel cores

5.7.2 Empirical speedup

In computer architecture, speedup is the improvement in speed of execution of a task
executed on two similar architectures with different resources [46, 47]. In this section we

will discuss the speedup performance for the datasets that we used in our experiments.

The sequential execution time, parallel execution time and the performance speedup for
five datasets that used in the experiments are listed in Table 5.6.

To compute the speedup we use Equation 5.1 [48].

SET

Speedup = PET

Where:
SET': Sequential Execution Time.
PET: Parallel Execution Time.
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TABLE 5.6: Summary of: sequential execution time, parallel execution time and per-
formance speedup for different datasets

Dataset Sequential execution | Parallel execution Speedup
time (hour) time (hour)
Mushroom 1 0.5 2x
Spambase 1.5 0.67 2.2x
Arcene 14 2 7x
Madelon 22 3 7.3x
Gisette 120 40 3x

Figure 5.18 shows the performance speedup of using the proposed approach when it is
running with various types of datasets. For Mushroom dataset the PET less than the
SET by 2x. For Spambase dataset the PET less than the SET by 2.2x. For Gisette
dataset the PET less than the SET by 3x. For Arcene dataset the PET less than the
SET by 7x. Finally, for Madelon dataset the PET less than the SET by 7.3x.

The speedup is increased as the complexity of the dataset is increased. We noted that
the effect of overhead in the virtual machine which comes from limited memory size and

communication latency, all that limits the maximum speedups gained.

Performance speedup
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FIGURE 5.18: Performance speedup of parallel SS with different datasets



Chapter 6

Conclusion and future work

In this chapter we will conclude this thesis, and discuss the future work perspectives.

6.1 Conclusion

In this thesis we developed two versions of the scatter search algorithm (sequential and
parallel) using wrapper model. This approach enhance the classification performance

for high dimensional datasets.

The results show the efficiency of SS algorithm comparing with other evolutionary algo-
rithms that are deal with feature selection in high dimensional datasets. This approach
was tested on five datasets: Mushroom, Spambase, Arcene, Madelon and Gisette. Three

of them (Arcene, Madelon and Gisette) are feature selection challenge.

The main results of the experiments can be summarized in these points:-

e For Mushroom datasets the classification results of our experiments are equivalent
to the results of previous works that used GA with wrapper model and PSO that
built using Hybrid filter wrapper model, it is 1.0 for RF and SVM classifiers, the

number of selected features in the best solutions is 13.

e For Spambase dataset our result was better than the results of the work that used
Neural Networks with PSO algorithm, we enhanced the AUC results from 0.93
to 0.98 for RF and SVM classifiers, the number of selected features in the best

solutions is 26.

e For the other three datasets which are feature selection challenge, the results are

as follow:-

53
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— For Arcene dataset, we enhanced the AUC result comparing with works that
used GA and PSO algorithms. We increased the AUC results to 0.93 for
SVM classifier, the number of selected features in the best solutions is 4971.
While in GA the result was 0.89, and the AUC in PSO was 0.91. Also, for
Arcene dataset we reduced the execution time comparing with the works that
used GA with wrapper model we reduced the learning time from 39 hours to

14 hours in the sequential SS algorithm.

— For Madelon dataset we enhanced the AUC result comparing with works that
used GA and PSO algorithms. We increased the AUC results to 0.92 for RF
classifier, the number of selected features in the best solutions is 256. While
in GA the result was 0.84, and the AUC in PSO was 0.82. Also, for Madelon
dataset we reduced the execution time comparing with the works that used
GA with wrapper model we reduced the learning time from 74 hours to 22

hours in the sequential SS algorithm.

— The last feature selection challenge dataset that we used in our experiments
is Gisette. For this dataset we enhanced the classification performance results
from 0.97 to 0.99 for RF and SVM classifiers, the number of selected features
in the best solutions is 2510, comparing with previous work that used R

Package for classification with scalable weighted subspace Random Forests.

e The AUC results of parallel and sequential versions of the SS algorithm are similar
for Mushroom, Spambase, Madelon and Gisette datasets. For Arcene dataset the
parallel version of SS increased the AUC from 0.93 to 0.94.

e The parallel version of SS algorithm reduced the execution time for the five
datasets. For Mushroom dataset the execution time was reduced from 1.0 hour to
0.5 hour. For Spambase dataset the execution time was reduced from 1.5 hours
to 0.67 hour. For Arcene dataset the execution time was reduced from 14 hours
to 2 hours. For Madelon dataset the execution time was reduced from 22 hours
to 3 hours. Finally, for Gisette dataset the execution time was reduced from 120

hours to 40 hours.
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6.2 Future work

In this thesis we used SS algorithm with wrapper model to handle the classification

problem in high dimensional datasets. In future we will:-

e Use the number of selected features in fitness function.

e Apply the hybrid filter wrapper model with SS algorithm and comparing the results

with wrapper model.

e Use SS algorithm in other applications such as prediction.
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