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Abstract

Selection of variable and feature for an efficient prediction model have be-
come the focus of much research, in areas of application for which data sets
with tens or hundreds of thousands of variables are available. These areas
include text processing of internet documents, gene expression array analysis,
and combinatorial chemistry. The objective of variable selection is three-fold:
improving the prediction performance of the predictors, providing faster and
more cost-effective predictors, and providing a better understanding of the
underlying process that generated the data. The contribution of this thesis
cover a wide range of aspects of such problems. In this thesis some popular
feature selection methods have been described and a novel feature selection
methods using deep learning algorithm have been proposed. Feature selec-
tion in deep learning is a very focused research topic. Which can describe
that feature selection in deep learning can improve the performance of the
prediction model for significantly and also reduce the complexity of the deep
learning model. Feature selection can give some good idea about which fea-
ture have more importance and which feature do not have any importance
for a particular problem.

In this thesis the classification problem has been solved and generalized
methods of feature selection have been presented, that is also applicable for
any other supervised classification problem having more number of features
and less number of samples.
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Chapter 1

Overview on Feature Selection

Introduction

In machine learning and statistics, feature selection, also known as variable
selection, attribute selection or variable subset selection,is the process of se-
lecting a subset of relevant features (variables, predictors) for use in model
construction. The central premise when using a feature selection technique is
that the data contains many features that are either redundant or irrelevant,
and can thus be removed without incurring much loss of information Re-
dundant or irrelevant features are two distinct concepts. Since one relevant
feature may be redundant in the presence of another relevant feature with
which it is strongly correlated.

Feature selection techniques should be distinguished from feature ex-
traction. Feature extraction creates new features from functions of the orig-
inal features, whereas feature selection returns a subset of the features. Fea-
ture selection techniques are often used in domains where there are many
features and comparatively few samples (or data points). The main conven-
tional cases for the application of feature selection include the analysis of
written texts and DNA micro array data, where there are many thousands of
features, and a few tens to hundreds of samples. It is also applicable where
individual feature for a particular problem cannot defined.



When applying data mining and machine learning algorithms on high-
dimensional data, a critical issue is known as the curse of dimensionality [1].
It refers to the phenomenon that data becomes scattered in high-dimensional
space.This can significantly affecting algorithms designed for low-dimensional
space. In addition, with the existence of a large number of features, learning
models tend to over-fit which may cause performance degradation on un-
seen data. Moreover, data of high dimensionality significantly increases the
memory storage requirements and computational costs for data analytics.

Dimensionality reduction is one of the most powerful tools to address the
previously described issues. It can be categorized into two main compo-
nents: feature extraction and feature selection. Feature extraction projects
the original high-dimensional feature space to a new feature space with low
dimensionality. The newly constructed feature space is usually a linear or
nonlinear combination of the original feature space. Examples of feature
extraction methods include Principle Component Analysis (PCA)[2], Linear
Discriminant Analysis (LDA)[3], Canonical Correlation Analysis (CCA)[4],
Singular Value Decomposition[5], ISOMAP[6] and Locally Linear Embed-
ding (LLE)[7], 2000). Feature selection, on the other hand, directly selects a
subset of relevant features for the use of model construction. Lasso[8], Infor-
mation Gain[9], Relief[10], MRMR]11], Fisher Score [12], Laplacian Score[13],
and SPEC[14] are some of the well-known feature selection techniques.

Both feature extraction and feature selection have the advantages of im-
proving learning performance, increasing computational efficiency, decreasing
memory storage requirements,and building better generalization predictive
models which are better accuracy and performance. However, since feature
extraction builds a set of new features, further analysis is problematic and
cannot getting the physical meaning of these features in the transformed
space. In contrast, by keeping some original features, feature selection main-
tains physical meanings of the original features and gives models better read-
ability and interpretability. Therefore, feature selection is often preferred in
many real-world applications such as text mining and genetic analysis be-
cause it can give the actual subset of relevant features or variables. That’s
why this fasilitate better understanding of the problem and to more accurate
solution.



In this section we can briefly describe what is the connotation of feature
and relevant, irrelevant feature. Then we can recount this with a simple
example.

1.1 Feature

In machine learning and pattern recognition, a feature is an individual mea-
surable property or characteristic of a phenomenon being observed.In any
machine learning and pattern recognition model feature plays a vital role for
the prediction.

1.1.1 Relevant Feature

Feature is categorized to be of two basic type, Relevant and Irrelevant fea-
ture.Relevant feature are those which can improve the model in very great
extent.In Machine learning and pattern recognition problem first we can find
out the most important or relevant feature and then using those feature we
can make a good predictive model.

1.1.2 Irrelevant Feature

Irrelevant feature are those feature which doesn’t have any significance for the
particular predictive model. Irrelevant feature can cause over-fitting and also
give a very bad predictive model. So the aim is to eliminate those Irrelevant
feature and make a good predictive model.

Example The problem is identification of fruit. Let there are two fruits
‘Orange’ and "Water melon’. let there be three features such as 'colours’ ,
"Shape’ and "Weights’.Among these features colour and weight can differen-
tiate the two fruits. So this are most 'Relevant’ feature.Since both are round
shape so cannot be used distinguish between them. So this feature is called
Trrelevant’ feature for this particular problem.



In the next section we first categorize the different types of feature se-
lection algorithm. we first review traditional categorizations of feature selec-
tion algorithms from the availability of labels and from the search strategy
perspective. This is the most general categorizations of feature selection
algorithm.

1.2 Label perspective Feature Selection

According to the availability of label information, feature selection algorithms
can be broadly classified as supervised, unsupervised and semi-supervised
methods.

1.2.1 Supervised Feature Selection

Supervised learning means in the training set class label is properly defined.
Supervised feature selection is generally designed for classification or regres-
sion problems. It aims to select a subset of features that are able to discrim-
inate samples from different classes. With the existence of class labels, the
feature relevance is usually assessed via its correlation with class labels. A
general framework of supervised feature selection is illustrated in the Figure
1.1.

The training phase of the classification highly depends on feature selec-
tion. After splitting the data into training and testing sets, classifiers are
trained based on a subset of features selected by supervised feature selection.
Note that the feature selection phase can either be independent of learning al-
gorithms (filter methods), or it may iteratively take advantage of the learning
performance of a classifier to assess the quality of selected features (wrapper
methods). Finally,the trained classifier predicts class labels of samples in the
test set on the selected features.
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Figure 1.1: General Frame work of Supervised Feature Selection

1.2.2 Unsupervised Feature Selection

Unsupervised feature selection is generally designed for clustering problems.
As acquiring labeled data is particularly expensive in both time and efforts,
unsupervised feature selection on unlabeled data has gained considerable at-
tention recently. Due to the lack of label information to evaluate feature
importance, unsupervised feature selection methods seek alternative crite-
ria such as data similarity and local discriminative information to define
feature relevance. A general framework of unsupervised feature selection is
illustrated in the Figure 1.2. Different from supervised feature selection, un-
supervised feature selection usually uses all instances that are available in the
feature selection phase. Also, the feature selection phase is either indepen-
dent of the unsupervised learning algorithms (filter methods), orit relies on
the learning algorithm to iteratively improve the quality of selected features
(wrapper methods). After the feature selection phase, it outputs the clus-
ter structure of all data samples on the selected features by using a typical
clustering algorithm.



Unsupervised
Learning
Algorithm

Selected
Features

Feature
Selection

Feature
Information

Clustering
Result

Clustering

Figure 1.2: General Frame work of Unsupervised Feature Selection

Semi-
Feature Selected Supervised
Selection Features Learning

Feature Algorithm
Information |

\\'

—m———————————

Training Set

mmmmmmm e

Feature Classifi Testing Set
Information ESSHIEE Label

“, -

L —

Testing Set

Partial Label

Information

I

Figure 1.3: General Frame work of Semi-supervised Feature Selection



1.2.3 Semi-Supervised Feature Selection

Semi-Supervised means there are some data with perfectly label and some
data are unlabeld so we cannot use supervised and unsupervised feature
selection method.Supervised feature selection works when sufficient label in-
formation is available while unsupervised feature selection algorithms do not
require any label information.Semi-supervised approach is mainly the com-
bination of supervised and unsupervised learning at the same time. Semi-
Supervised feature selection have good practical application. The general
framework of a semi-supervised feature selection technique has been shown
in the Figure 1.3.

Now I can describe feature selection in search perspective or rather feature
subset selection perspective. In this section I can describe how a good feature
subset can be selected from the given data set.

1.3 Search Perspective Feature selection

With respect to different selection strategies, feature selection methods can
be categorized as wrapper, filter and embedded methods.

1.3.1 Filter Method

Filter methods are independent of any learning algorithms. They rely on
certain characteristics of data to assess the importance of features. Filter
methods are typically more efficient than wrapper methods. However, due
to the lack of a specific learning algorithm guiding the feature selection phase,
the selected features may not be optimal for the target learning algorithms.

10



Set of all ' Selecting the ' Learning '
Features Best Subset Algorithm CEIONTAICS
Figure 1.4: General Frame work of Filter Type Feature Selection

A typical filter method consists of two steps. In the first step, feature
importance is ranked by a feature score according to some feature evaluation
criteria. The feature importance evaluation process can either be univariate
or multivariate. In the univariate case, each feature is ranked individually
regardless of other features, while the multivariate scheme ranks multiple
features simultaneously. In the second step of a typical filter method, lowly
ranked features are filtered out and the remaining features are kept. In the
past decades, many different evaluation criteria for filter methods have been
proposed. Some representative criteria include feature discriminative ability
to separate samples[15,16].

1.3.2 Wrapper Method

Wrapper methods rely on the predictive performance of a predefined learning
algorithm to evaluate the quality of selected features.Given a specific learn-
ing algorithm, a typical wrapper method performs two steps: (1) search for a
subset of features; and (2) evaluate the selected features. It repeats (1) and
(2) until some stopping criteria are satisfied or the desired learning perfor-
mance is obtained. The workflow of wrapper methods is illustrated in Figure
1.5. It can be observed that the feature set search component first generates a
subset of features, then the learning algorithm acts as a black box to evaluate
the quality of these features based on the learning performance. The whole
process works iteratively until the highest learning performance is achieved.
The feature subset that gives the highest learning performance is output as
the selected features. Unfortunately, a known issue of wrapper methods is
that the search space for d features is 2¢, which makes the exhaustive search
impractical when dis very large.[17,18]

11
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1.3.3 Embedded Method

In the Filter methods select features are independent of any learning algo-
rithms are selected and are thus computationally efficient. But, they fail
to consider the bias of the learning algorithm. This may make the selected
feature not so optimal for specific learning tasks. This is which the utilize
of the wrapper methods comes in. This method evaluates the importance of
feature by given learning algorithm iteratively running in better accuracy in
prediction. Now, the computational complexity increase in an exponential
search space for high dimension feature. Embedded methods provides an
optimal solution between filter and wrapper methods by embeding feature
selection with the model learning. As this Embedded method is a combi-
nation of the two methods, it retains the qualities of both this wrapper and
filter methods, which are — (1) they include the interactions with the learning
algorithm; and (2) they do not need to even evaluate feature sets iteratively.
The regularization models of the Embedded method target to fit a learning
model by minimizing the fitting errors and forcing the feature coefficients
to be small . Afterwards,the selected relevant feature sets are the resulting
output .[16,17]

12
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1.4 Data Perspective Feature Selection

The recent popularity of big data presents some challenges for traditional
feature selection task. Meanwhile, some characteristics of big data like ve-
locity and variety also promote the development of novel feature selection
algorithms. Here we briefly present and discuss some major concerns when
we apply feature selection algorithms.

Figure 1.7: Data Perspective Feature Selection

13



1.4.1 Streaming Data and Features

Streaming data and features have become more and more prevalent in real-
world applications. It poses challenges to traditional feature selection algo-
rithms, which are designed for static datasets with fixed number of features.
For example in Twitter, new data like posts and new features like slang
words are continuously being user-generated. It is impractical to apply tra-
ditional batch-mode feature selection algorithms to find relevant features at
each round when new data or new feature arrives. In addition, the volume
of data could be too large to be loaded into memory. And in many cases, a
single scan of the data is desired.

1.4.2 Heterogeneous Data

Most existing feature selection algorithms are designed to handle tasks with
single data source and they always assume that data is independent and iden-
tically distributed (i.i.d.). However, multi-source data is quite prevalent in
many domains. For example, in social media, data comes from heterogeneous
sources such as text, images, tags. In addition, linked data is ubiquitous and
presents itself in various forms such as user-post relations and user-user re-
lations.

14



Chapter 2

Feature Selection Technique

Introduction

In this chapter define a pathway of feature selection and can tell about some
existing machine learning algorithm which can find the feature importance.
In previous chapter can give brief overview of different feature selection meth-
ods and here I can discuss how to solve a complex problem easily using feature
selection approach. I can also through some light on feature extraction ap-
proach and how its differ from feature selection or variable selection.Here
mostly discuss search perspective of feature selection methods in detail.

2.1 Development of Feature Selection

The process of selecting a subset of relevant and informative features from
the original set of features can be divided into five main stages as shown in
the below Figure 2.1.The decision made at each stage influences the feature
selection performance.

15
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Figure 2.1: Stages of Feature Selection

Stage 1: Determine search direction. The first stage is to determine the starting
point and the search direction. Search may start with an empty set
and successively adds new features in each iteration, called forward
search. In contrast,the search can be started with a full set and then the
features are eliminated consecutively in each iteration, called backward
elimination search. Another alternative is to begin with both ends
by simultaneously adding and removing the features in each iteration,
called bi-directional search.Search may also begin somewhere in the
middle by randomly selecting the features to form the subset.

Stage 2: Determine search strategy. A good search strategy should provide good
global search capability, rapid convergence to near optimal solution,
good local search ability, and high computational efficiency[19]. Search
strategies can be categorized into three groups: exponential, sequential,
and randomized.

Exponential search, also called complete search, is the most exhaus-
tive global search strategy. It starts from the original feature set and
guarantees to find the optimal result.

16



Stage 3:

However, this strategy is generally impractical and computationally
intensive especially for high dimensional data sets, and prohibitive and
intractable for all but a small initial number of features. An example
of this strategy is exhaustive search, a search that evaluates all possible
subsets to find the optimal subset[20].

Sequential search, also called greedy hill-climbing search[21],adds or
removes one feature at a time. The most common sequential strate-
gies are sequential forward selection (SFS) and sequential backward
selection (SBS). It is relatively simple to implement, its complexity is
polynomial with respect to the number of features, and it is robust to
multi collinearity problems.

Randomized search strategy starts by randomly selecting the features
and then proceeds with two different search strategies. The first uses
the classical sequential or bidirectional search.

Determine evaluation criterion. Originally evaluation methods of fea-
ture selection are classified into three types: filter, wrapper and embed-
ded. In recent years, another kind of evaluation method is developed,
called ensemble feature selection. In the previous chapter we can briefly
discuss this type of methods[16].

17



Stage 4:

Stage 5:

Define stopping criteria. A stopping criterion determines when the fea-
ture selection process should halt. A suitable stopping criterion can
avoid over-fitting and thus leads to a more efficient process in produc-
ing an optimal feature subset with lower computational complexity.
The decisions made in the previous stages will influence the choice of
stopping criterion. The common stopping criteria are:

— Predefined number of features
— Predefined number of iterations
— Percentage of improvement over two consecutive iteration steps

— Obtaining an optimal feature subset according to some evaluation
function.

Validate the result. To evaluate the effectiveness of potential feature
sets for classification and prediction, various error estimation or valida-
tion techniques have been proposed. The most common error estima-
tion methods are cross validation (CV) and performance measurements
based on confusion matrix.

Cross validation is the most common and popular validation method.
In this method, the original data sets are split into two parts: training
and testing sets. The training set is used to train the classifier, and
then the test set is used for the final evaluation. CV has the advantage
of producing an effectively unbiased error estimate.

This is the stages of feature selection process. In the next section some
popular feature selection technique can describe.

18



2.2 Feature Selection Technique

2.2.1 Pearson Correlation

Pearson correlation or bivariate correlation is a measure of linear correlation
between two variables X and Y.According to the Cauchy-Schwarz inequality
it has a value between +1 and -1, where 1 is total positive linear correlation,
0 is no linear correlation, and -1 is total negative linear correlation|21].

where

e cov(X,Y) is the covariance of X and Y

n

cov(X,Y) =) (Xi = X)(Yi=Y)

i=1

e oy is the standard deviation of X

e X and Y is the mean of X and Y respectively

o
=1

_—
=1

19



According to correlation coefficient I can select feature.If correlation co-
efficient between two variable is 1, then this variables or features are same
contribution on the prediction. So any one of the feature can be selected.

2.2.2 Mutual Information

Mutual information is a measure between two (possibly multi-dimensional)
random variables X and Y, that quantifies the amount of information ob-
tained about one random variable, through the other random variable. The
mutual information is given by

[ e tog 2D,
1657 =  f o itos 5205 do

where p(x,y) is the joint probability density function of X and Y, and
where p(x) and p(y) are the marginal density functions. The mutual infor-
mation determines how similar the joint distribution p(x,y) is to the products
of the factored marginal distributions. If X and Y are completely unrelated
(and therefore independent), then p(x,y) would equal p(x)p(y), and this in-
tegral would be zero. Feature can be selected by maximize the mutual infor-
mation[22].

2.2.3 Fisher Score

Fisher Score is a supervised feature selection algorithm. Suppose the class
labels of n samplesy = y1,y2, ..., yn come from c classes, Fisher Score selects
the features such that the feature values of samples within the same class
are small while the feature values of samples from different classes are large.
The Fisher score of each feature f; is evaluated as follows:

° 2
(s —
fishergcore(f;) = 21—1 CJ(“ J = i)
Sy
j=1";

where n; ,u;, p;; and o2 i,j indicate the number of samples in class j, mean
value of feature f;, mean value of feature fi for samples in class j, variance
value of feature fi for samples in class j, respectively.[12] Using fisher score
feature ranking can computed.

20



2.2.4 Low variance

Low Variance is a simple feature selection algorithm which eliminates features
whose variance are below some threshold. For example, for the features
that have the same values on all instances, the variance is 0 and should
be removed since they cannot help to discriminate instances from different
classes. Suppose that the data set consists of only boolean features,i.e., the
feature values are either 0 and 1. Since the boolean features are Bernoulli
random variables, their variance values can be computed as:

variance — score(f;) = p(1 — p)

where p denotes the percentage of instances that take the feature value of 1.
After obtaining the variance of features, the features with a variance score
below a predefined threshold can be directly eliminated.[23]

2.2.5 T-Score

T-score is used for binary classification problems. For each feature f;, suppose
that p; and py are the mean feature values for the instances from the first
class and the second class respectively. o7 and o, are the corresponding
standard deviation values. n; and ny denote the number of instances from
these two classes. Then the t-score for the feature f; can be computed as:

’Nl - M2|

of | 05
__l’__

t — score(f;) =
sl %)

The basic idea of t-score is to assess whether the feature can make the means
of two classes to be different statistically by computing the ratio between
the mean difference and the variance of two classes. Usually, the higher the
t-score, the more important the feature is.[24]

21



2.2.6 Chi Square Score

Chi-square score utilizes the test of independence to assess whether the fea-
ture is independent of the class label. Given a particular feature with r dif-
ferent feature values, the Chi-square score of that feature can be computed

as:
Chi — Squere — score(f;) = ZZ njs fis)’

7j=1 s=1

where n;, is the number of instances with the j-th feature value. In addi-
tion, ;s = ,where nj, indicates the number of data instances with
n

the j-th feature value, n,, denotes the number of data instances in class r.
Normally, a higher Chi-square score indicates that the feature is relatively
more important.[25]

2.2.7 Gini Index

Gini index is a statistical measure to quantify if the feature is able to separate
instances from different classes. Given a feature f; with r different feature
values, for the j-th feature value, let W denote the set of instances with the
feature value smaller than or equal to the j-th feature value, let W denote
the set of instances with the feature value larger than the j-th feature value.
In other words, the j-th feature value can separate the dataset into W and
W, then the Gini index score for the feature fi is given as follows:

Gini—Index—Score(f;) = min(p(W Zp (Co|[W)*)+p(W ZP (Cs ’W

where Cs indicates that the class label is s. p(.) denotes the probability, for
instance, p(C,|W) indicates the conditional probability of class s given the set
of W. In previous equation the gini index score is obtained by going through
all the possible split W. Usually for binary classification problem, it can
take a maximum value of 0.5, but it can also be used in multi-classification
problems. Unlike previous mentioned statistical measures, the lower the gini
index value, the more relevant the feature is.[26]
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Chapter 3

Feature Selection with ANN

In this section I can first discuss about artificial neural network then I can
proposed my methods for feature selection with artificial neural network.Two
methods have been proposed for feature selection with ANN.

3.1 Artificial Neural Network

This is the most simplest architecture in deep neural network. Artificial
neural network(ANN) is mostly used for solving classification and regression
problem. We can used ANN as a classifier and we can also find out the
feature importance of this classifier or selecting relevant feature or variable
subset. Here we can discuss about the ANN.

3.1.1 Introduction

Neural networks were first created in an attempt to model the human brain.
However, throughout the years, they have become much different of what
they used to be and derived from their initial purpose. They are now used
as powerful machine learning tools in a multitude of fields: computer vision,
stock market analysis and robotics being some of them. This subsection aims
at giving a brief introduction on their internal working such that the rest of
the document can be understood.

In the Figure 3.1 given the basic and most simplest architecture of Artifi-
cial Neural Network. There are n number of input and m number of hidden
layer.In this neural network number of input node is n and m number of
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hidden layers node such that n > m.

input layer

Figure 3.1: Neural Network
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3.1.2 Basic Principle of Neural Network

Each neuron consists of an activation function which takes the weighted sum
of the previous layer’s outputs as input as well as a bias. Let us define the
following;:

® n4,...., ny the neurons of the layer i.
® my,.....,m; the neurons of layer j where ¢ > j

f the activation function of the neurons.

w;; the weight of the link between output of neuron n; and neuron m;

Bias(n;) the bias of neuron i.

Out(n;) the output of neuron i.
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Thus we have:

out(m;) = f(z Out(n;) * w,; + Bias(m;))

r=1

Bias
b
[ x; O———>Ww;
Activation
Function
Output
Inputs<xz{3 > W, “Z—-—ﬁf—?*y

n

Weights

Figure 3.2: Neural Network Definition

It is now quite easy to see how to get a prediction. One simply needs to
feed an input to the network and propagate it thanks to previous Equation
in order to get the final output.This is called a feed forward propagation,
since an input is passed from shallower layers to deeper ones. Now one needs
to understand how to train the network. Let us denote by y; the output of
the neural network computed with a feed forward pass and by output the
ground truth.Now denote the loss function 1(y; ys ). The mean square error
and cross-entropy are often used as loss function respectively in regression and
classification settings. The weights and biases of the networks are updated
in order to minimise the loss function thanks to stochastic gradient descent.
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and makes the

For example, to update the weight w;j;;, one computes
Wijk
following update:
d;

Wijk < Wijk — O * ]
Wijk
with § € [0, 1].Note that those derivatives can be computed efficiently using
d;

back propagation. Indeed, due to neural networks architecture, once the
Wijk

have been computed they can be used to get the without carrying too

Wi—1jk
much additional computation. Thus in order to make a training iteration, one
has to make a feed forward pass through the network in order to compute the
dy

output of each neuron and get y;. Once done, each are computed layer

Wik
by layer (from deeper ones to shallower ones) while the]network’s weights are
updated accordingly. In practice, the inputs are fed by batches of samples
to the network. Therefore, a training iteration consists of computing all
the weights update (one per sample) and adding them all together before
updating the network’s parameters. Batches are usually taken at random
from the data set (while making sure that each data sample appears equally)
such that the network sees different batches most of the time. Finally, note
that an epoch represents the number of training iterations to be done such
that

nbr training iterations * batch size = nbr training samples

In other words, an epoch represents the number of training iterations
required for the network to have seen each training sample at least once.
Usually,artificial neural networks have to be trained on many epochs in order
to get good results.[22]
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3.1.3 Feature Selection with ANN

Neural network can be built in a plentitude of ways and are subject to many
parameters, neural architecture being the first one. Indeed, neural networks
can take many forms, ranging from very shallow to very deep and very narrow
to very wide. Many constraints can also be added in the architecture itself,
convolutional and encoder layers are some of them. All of these parameters
can be changed regarding the problem we are facing. In our case we decided
to limit ourselves to test our algorithms on networks with fully connected
hidden layers. We did this choice since our data didn’t give us a priori
reasons to introduce structure into our network. Furthermore, this is the
more generic and simplest architecture that can be found. However, all the
algorithms that will be proposed in next section using the artificial neural
network structure.

Another important parameter is the activation function, it was considered
for a long time that the best activation functions were either sigmoids or hy-
perbolic tangent. However, it was recently shown empirically that Rectified
Linear Units(ReLU)[27] functions were very effective [Nair and Hinton, 2010]
(note that ReLU(x) = max(0; x)). Since then, pretty much all neural net-
works have been built with ReLLU neurons, which has proven to be extremely
effective.Thus I decided to carry out the tests with such neural networks. In
the final hidden layer to output layer I can use sigmoid activation function
for great result.

I have to choose which training algorithm to use. All of them are based
on the gradient descent principle and use back-propagation [28] in order to
be computationally efficient. ADAM is a recent algorithm that has been
proposed in [29] and which revolves around modifying the gradient descent
in order to include momentum. The momentum introduced implies that the
gradient descent has a sort of short memory, i.e. while optimising the weights
on a given data batch it also uses the derivatives computed on some of the
previous batches. Due to its good performances, I decided to train all of my
networks with the ADAM optimiser.
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3.1.4 Motivation and Introduction to our Methods

The main motivation of proposed methods was the neural network working
principal. Neural network is a very good classifier among all of the clas-
sifier like Random Forest, Desision Tree etc. When I can train the neural
network firstly I can randomize the weights of each input node to hidden
layers node. After this forward propagation through the hidden layers it can
compute some output. This computed output can be compaired with the
actual output and then network can adjust the weights of the network. This
weight adjustment occur in backward direction so this is called the Back
propagation.

This step of forward propagation and back propagation can compute
for each input vector of the training set. After training of the neural network,
weights of each connected layers are computed accurately. If we can validate
our test set then this weights plays the main role for the prediction. So this
weights matrix give the main significance of our prediction.

Now I can think about how to manipulate or perform some statistical
operation to find out which node of the input node have the most contribution
about the prediction. In proposed methods, the prime focus on the first
weight matrix or rather say weight matrix between input node and first
hidden layer.In the proposed method I can perform some relevant statistical
operation to find out important feature of the input vector. Eliminating some
irrelevant feature of the input vector building ANN model for this relevant
feature subset. After creating the prediction model checking accuracy of
the prediction using confusion matrix and ROC curve.Confusion matrix and
ROC curve are the best way to validate the prediction model.
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In this section the proposed methods and experiment result of each meth-
ods. Methods have been limited to ”Supervised Classification Problem”.In
the experiment we use "Keras” API backend with tensorflow has been used
in the experiment.In every method we can first build an Artificial neural
network has to build first and train the network using all the features in the
data set.After training weight matrix between input layer and first hidden
layer has to be extracted.

3.2 First Method

In the previous section the main motivation of the weight matrix of the
neural network.Let there are n number of inputs, so we can say that the
ANN has n input node and there are m number of nodes in the first hidden
layer m <= n/2.Each input node is connected to each output node in such
a manner that every input have m number of weights. The weights matrix
between input layer and first hidden layer be:

w11 Wiz W13 Win
Wa1 W22 W23 Wan
Wm1 Wm2 W3 Wmn

Here in the weights matrix row represent the number of input node and
column represent the number of node of the first hidden layer. For each
feature there are m number of weights and there are n number of feature.
For each feature there are m number value, now this can be define as:

W1gy W2y W3y wevenenennnns y W(im—1)is Wmi

For each feature with the sample value the variance or variability of each
feature can be computed as: variance of i'* feature can be define as:

m

where



The variance of each feature is calculated as o%, 03, ...0]2-, ey 02, The
average variance is found out as:

1 n

This average variance can be calculated because I do not know which variable
or feature may be over fit the prediction.Then is found out the difference
between each feature variance and the average variance is calculated as:

Dj:UJQ-—V

All the difference value be Dy, Dy, Ds, ........ D,,. This difference set of value can
be calculated as the maximum and minimum difference value. The feature
having maximum difference value is called the most irrelevant then other
feature and which feature have less difference value is the more relevant than
the other features.

80 percent of the relevant feature can be selected according to the difference
criteria mention above.Also I can validate our prediction model and prove
that the rule of finding the relevant and irrelevant feature is correct.

3.3 Second Method

Let there are n number of inputs, so the ANN has n input node and let there
are m number of nodes in the first hidden layer m <= n/2.Each input node
is connected to each output node in such a manner that every input have m
number of weights.
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The weights matrix between input layer and first hidden layer be:

w1 W12 W13 Win
Wa1 W22 W23 Wan
Wm1 Wm2 W3 Wmn

In this method we introduce a concept of the signal.Let us suppose neu-
ral network as a signal generator and there are n number of discrete signal
with each have m sample value. So each column of the weight matrix rep-
resent a discrete signal. The iy, signal sample value can be represent as:
W1y Wiy Wy e , Wi But T do not know that which signals are relevant
and which are not. There may a chance of the presences of a noise signal
which can be very crutial to the prediction.

Now we calculate power of each signal as:

1 m
P, = 2
2m+12%

J=1

We do not predict the power of a noise signal it may be high or less value.
So for this case we can calculate the average power and we can also calcu-
late difference between average power and the actual power of each signal.
Average power can be calculated as:

1 n
P, av — E Z R
i=1
Difference between average power and signal power as:

Di:|Pi_Pav|
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The maximum and minimum difference value can be found.Selecting rel-
evant signal whose difference value i.e D; is minimum. 70 to 80 percent of
the signal can be selected for creating a accurate prediction model. I can also
validate the prediction model with some accuracy measurement technique.

3.4 Experiment and Result

This section about how the prediction model can be validated. Using this
technique proposed model can be validated.

3.4.1 Method validation Technique

Let us start by introducing confusion matrices which are often built in or-
der to assess the performances of classification models. Consider a binary
classification problem with a class corresponding to a positive outcome (for
example an alarm activation) and the other to a negative outcome (the alarm
doesn’t activate). Also consider a binary classification model which is used
to classify an input (for example a motion detector) to one of the two classes.
For each data sample, the classification made by the model belongs to one
of the following categories:

True Positive(TP): This occur if the model activates the alarm when it should have been.No
error is made.

True Negative(TN): This occurs if the model doesn’t activate the alarm rightfully so (i.e.
the alarm should not have been activated). No error is made.

False Positive(FP): This occurs when the model activates the alarm although it should not
have been. An error is made and leads to Type 1 error.

False Negative(FN): This occurs when the model doesn’t activate the alarm although it
should have been. An error is made and leads to Type 2 error.
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Figure 3.3: Confusion Matrix
From the confusion matrix two measure can be introduce:

Sensitivity : Which is defined asm_—FN

among all classified positives.

and represents the true positive rate

Specitivity : Which is defined as and represents the false positive rate.

FP
FP+TN
These measure can also use in order to assess feature selection. Using true
positive rate and false positive rate we can plot the ROC curve.An ROC
curve (receiver operating characteristic curve) is a graph showing the per-
formance of a classification model at all classification thresholds.An ROC
curve plots TPR vs. FPR at different classification thresholds. Lowering the
classification threshold classifies more items as positive, thus increasing both
False Positives and True Positives. The following figure shows a typical ROC
curve.
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3.4.2 Results
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Figure 3.4: Receiver Operating Characteristic Curve

Sevaral data sets used in validation for proposed methods. Experiment using

one data set is given below section.

3.4.3 Description of Dataset

This data set was collected from Kaggle a machine learning repository. The
goal data set refers to the presence of heart disease in the patient.This data
set contains 13 attributes and one target value. The target value is 0 consider
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as the patient do not have the heart disease and 1 means patient have the
heart disease. This a binary classification problem which can be solved using
proposed methods. There are total 330 patient data available and for the
training set considering 80 percent of samples, remaining for the test set.Test
set contain only 61 sample.Using this test the predictive model was validated
using confusion matrix and ROC curve.

3.4.4 Correlation

Correlation measurement is important aspect to find out the relationship
between the variables or features. If correlation coefficient between the two
variable is 1 then they are strongly correlated and for this case any one
variable can be selected for creating predictive model. The correlation matrix
is given the Figure 3.5.

According to this correlation matrix there are no two variables are perfectly
correlated so all of the variable can be used for creating a predictive model.
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3.4.5 ANN Predictive Model

I can create very basic Artificial Neural Network for the prediction.In this
Artificial Neural Network model there are 13 feature so 13 input node. In
this ANN contains two hidden layer each having 7 node or neuron and only
one output node for the binary value. After training of ANN the validation
results are given below:

True False

Positive

Nagative

Figure 3.6: Confusion Matrix for ANN
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Figure 3.7: ROC curve for ANN Model
In the ANN model prediction accuracy was 85 percent.After this classifi-

cation the weight matrix between input layer and first hidden can extracted.
In the Figure 3.8 weight matrix is given.
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Weights between input and First Hidden layer

)
0 -0412744
1 -0.287821
F 2 0.100102
E 3 0.186916
A 4 -0.374905
T .
U 5 0157711
R 6 0298616
E
7 0315318
8  0.000458
9  0.107907
10 0.212619
11 -0.393046

12 -0.166564

1

-0.230654

0.287242

-0.662339

0.001841

-0.115232

-0.084290

-0.479295

0.166221

0.470245

0.434853

-0.071235

0122723

-0.006559

2

-0.133827

-0.054945

-0.395202

0.382655

-0.164330

-0.165156

-0.132443

-0.141571

0.324466

0.272773

-0.283950

0.206226

0.451380

3

-0.232392

-0.356109

0.000481

0.221907

0.139116

0.014477

0.004519

0.235020

-0.340370

-0.000192

0.074712

-0.529236

0.231749

Figure 3.8: Weight Matrix of ANN

3.4.6 First Proposed Method

Here the validation results of the first method is given. Using this weight
matrix variance of each feature and difference from the average variance
calculated. The table below shows the results of the calculation.
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4

-0.062326

-0.226468

0.292894

0.010622

-0.349946

-0.007257

0.133656

0.116120

0.186809

-0.049244

0.214076

-0.424998

-0.057518

5

-0.096632

0.046953

-0.144885

0.247990

0.026575

-0.012069

0.136965

-0.2953401

0.309797

0.540827

-0.411854

0177335

0177866

6

-0.0181867

-0.299066

0.214301

-0.081417

0.020544

-0.080295

-0.114123

0.052109

0.229391

-0.032553

0.082679

-0.710310

-0.233472



Feature ‘ Variance ‘ Difference from average Variance ‘

0 0.01547 0.035998
1 0.046415 0.004991
2 0.101012 0.049607
3 0.023473 0.027993
4 0.032593 0.018812
) 0.008928 0.042477
6 0.054688 0.003283
7 0.040117 0.011288
8 0.060937 0.009532
9 0.048446 0.002959
10 0.049005 0.0024

11 0.133810 0.082405
12 0.053437 0.002032

According to " Difference from Average Variance” Score 1,2,5 and 11 num-
ber features or variables had the maximum value. So without using this
feature the next ANN model can created and the prediction result of the
ANN given below.
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Figure 3.9: Confusion Matrix of ANN for First method
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Figure 3.10: ROC Curve of ANN for First method

3.4.7 Second Method

Here the validation results of the second method is given. Using this weight
matrix the signal power of each feature and difference from the average
power calculated. The table below shows the results of the calculation.
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Feature ‘ Signal Power ‘ Difference from average power

0 0.020608 0.026251
1 0.029207 0.017652
2 0.050506 0.003647
3 0.024910 0.021949
4 0.021585 0.025274
) 0.004474 0.042385
6 0.025740 0.021119
7 0.020637 0.026222
8 0.041715 0.005144
9 0.038036 0.008823
10 0.023921 0.022938
11 0.088584 0.041725
12 0.024979 0.021880

According to ”Difference from Average power” Score 0,5,7 and 11 number
features or variables had the maximum value. So without using this feature
the next ANN model can created and the prediction result of the ANN given
below.
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Figure 3.11: Confusion Matrix of ANN for Second method
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Figure 3.12: ROC Curve of ANN for Second method
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Chapter 4

Conclusion and Future Work

4.1 Conclusion

Feature selection is effective in preprocessing data and reducing data dimen-
sionality which is essential to successful data mining and machine learning
applications. Meanwhile, it has been a hot research topic with practical
significances in many areas such as statistics, pattern recognition,machine
learning, and data mining (including web, text, image, and microarrays).
The objectives of feature selection include: building simpler and more com-
prehensible models, improving data mining performance and helping prepare
clean and understand data.

The main objective was to determine relevant feature by emploing the
weight matrix of the Artificial Neural Network. After classification using
ANN the weight matrices gave main idea about the variables or features
which were used to create the prediction model. In the proposed methods
focus was to find out the exact pattern for weights matrix. Using this pattern
relevant and irrelevant feature can be easily found and using this relevant
features thus found an efficient prediction model can be build which is giving
batter accuracy than an normal ANN model. The first proposed method can
achieve at least 7 percent more accurate prediction than ANN. The second
method can achieve only 2 percent more accuracy than normal ANN model.
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Feature selection with ANN is mainly focused because ANN is very ef-
ficient classifier then any other tree classifier. Using the proposed methods
understanding real world problem become easy or easily understand the rel-
evant variables for any particular problem without having great knowledge
on that problem.This is the main outcome of proposed methods.

4.2 Future Work

Feature selection with ANN can be more focus on how to find the exact pat-
tern from the weights matrix.For the large data set where number of features
more than 200 here first dimensionality reduction technique can be applied
before feature selection technique.Some relevant statistical can also be ap-
plied in weight matrix to find out the relevant feature or feature importance.

Feature selection technique can also applicable in different types of neural
network such as Recurrent neural network(RNN), Convolution neural net-
work(CNN) etc.
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