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Abstract: -Independent Component Analysis (ICA) and
Factor Analysis (FA) are two statistical dimensionality
reduction techniques that popularly uses in the field of
data mining, intelligence science and machine learning
community. Both of the techniques are popular in nature
but their projection have different intensions. In this
paper, we propose an integrated framework based on
ICA and FA in classification analysis. To test the
effectiveness of the combined method, the extensive
experiments conducted on variety of situation using
synthetic and real data analysis. The experimental
results shows that ICA and FA does not works well
independently, but their combined features space is
useful to discover intrinsic information of high
dimensional data and significantly improves the
classification performance in supervised classification.
Based on the experimental results, it is concluded that
ICA on FA is a viable alternative to reduce multivariate
high dimensional data as well as improve classification
performances in supervised classification task.
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1. INTRODUCTION

supervised

Information explosion has occurred in most of the
sciences and researches due to advances in data
collection and storage capacity in last few decades [1]-
[2]. Modern day datasets are very rich in information
with data collected from millions of devices and
sensors. This makes the data high dimensional and it is
quite common to see datasets with hundreds of
features andis not unusual to see it go to tens of
thousands. Dealing with thousands and millions of
features is a must-have skill for any data scientist to
figure out how to use it. Dimensionality reduction is a
very useful way to retrieve the intrinsic structure of
data as well as to find out the patterns in machine
learning applications. It reduces the number of features
in the dataset without having to lose much information
and keep the model's performance. Feature selection
and dimensionality reduction are two method that aim
at solving these problems by reducing the number of
features and thus the dimensionality of the data.

The most common and useful unsupervised feature
transformation is PCA proposed by Pearson in the early
20th century [4]. PCA reduces the dimensionality
through orthogonal transformation of data while
attempting to preserve as much as variation as possible
in the data. Variants of PCA have been developed, some

of common are probabilistic PCA leads to an EM-
algorithm [5], kernel PCA [6], Gaussian process based
probabilistic PCA [7] etc. PCA and its extensions have
been successfully applied in a large number of domains
such as face recognition, object detection, and
computer vision application. The drawbacks of PCA is
that these extracted components are not always
independent and invariant under transformation,
which may contradict to many supervised classification
assumptions [8]. Another linear transformation
method that commonly used in classification system is
LDA, proposed by Fisher. It uses class label to compute
the between class and within class matrix, seeks the
directions along which the classes are best-separated
[9]. However, LDA is a very powerful and useful
method for feature extraction, it requires enough
training sample in each class and the application of LDA
is limited when classes have significant difference
between means [10].

Factor Analysis (FA) is also uses in dimension
reduction as well as classification task that applied to a
set of observed variables to find underlying factors
(subsets of variables) from which the observed
variables were generated.

Among the very recent development ICA is found to be
very useful and effective technique helps to extract
representative features in pattern classification. ICA is
closely related to PCA and factor analysis. However, ICA
technique that is much more powerful.Jutton and
Herault [11] originally proposed it for solving blind
source separation (BSS) problem. Although ICA was
initially developed to solve the BSS problem, past
studies have shown that ICA can serve as an effective
feature extraction method of improving the
classification performance in both supervised
classification [12], [13] and unsupervised classification
[14]. It has also been found that ICA may help to
improve the performance of various classifiers, such as
SVM, artificial neural networks, decisions trees, hidden
Markov models, and the naive Bayes classifier. In
earlier studies, Kwak et al. [15] also showed that ICA
outperforms as feature extraction method for face
recognition than PCA and LDA.

PCA,FA and ICA are unsupervised and popular in
dimensionality reduction but they do not guarantee to
generate useful information individually in supervised
and unsupervised classification. In this paper, we use
both of ICA and FA projection approach together
through some statistical criterion. The remaining of
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this paper is organized as follows: Section 2discuss
approaches of dimensional reduction techniques,
Section 3 describes proposed integrated framework.
Section 4describes the data sets, experimental results
and final Section draws the overall finding that obtain
from experiments.

2. DESCRIPTION OF MODEL
2.1 Factor Analysis

Factor analysis can be considered as an extension of
principal component analysis. Both can be viewed as
attempts to approximate the covariance matrix.The
essential purpose of factor analysis is to describe, the
covariance relationships among many variables in
terms of a few underlying, but unobservable, random
quantities called factors.All variables within a
particular group are highly correlated among
themselves, but have relatively small correlations with
variables in a different group.

Mathematically, suppose the observable
random vector X, with k components, has mean pand
correlation matrix X. The factor model postulates that X
is linearly dependent upon a few unobservable
variablesF;, F,, -, F; called common factors, and
kadditional sources of variationey, €, -+ €, called errors
or, sometimes, specific factors. In particular, the factor
analysis model is

Xi—wm =l Fi+ B+ + LgFg + 6

Xo =y =By + P+ -+ LhgFy + €

Xie =t = LBy + Lo Fy + -+ Ly Fy + €

In matrix notation,
X-p=LF+e€

The coefficient I; is called the loading of the ith variable
on the jth factor, so the matrix L is the matrix of factor
loadings. Note that the ith specific factor €; is associated
onlywith the ith response Xi. The k deviations
Xy — uy, Xy — Uy, -+, Xj, — upare expressedin terms of
k+d random variables F,Fy, -, F;, €1, , €
which are unobservable.

2.2 Independent Component Analysis

Independent Component Analysis (ICA), which is also a
statistical and computational technique for revealing
hidden factors that underlie sets of random variables.
ICA defines a generative model for the observed
multivariate data, which is typically assumed to be
nongaussian. As before, in the model, the data variables

are assumed linear combinations of some unknown
latent variables, and the coefficients of the system are
also unknown. The latent variables are also assumed
nongaussian and mutually independent and they are
called the independent components of the observed
data. These independent components, also called
sources or factors, can be found by ICA.

The ICA model is
x=f(0,s) (1)

T.
Wherex = (xl, Xz, xp) is an observed vector and fis
a general unknown function with parameter 6 that
operates on statistically independent latent variables

. . T .
listed in the vector s = (51, So, 00, sq) . A special case of

Eq.1 is obtained when the function is linear, and we can
write

x = As (2)

Where A is an unknown p xq mixing matrix. Eq.1 and
Eq.2 consider x and sas random vectors. The linear
model is identifiable under the following fundamental
restrictions: at most one of the independent
components sjmay be Gaussian, and the matrix A must
be of full column rank. The identifiability of the model
is proved in the case p = q, because we have no idea
about the number of sources. The goal of ICA is to find a
linear mapping W such that each component of an
estimate y of the source vector can be obtained using
the following expression:

y=Wx=WAs

The original sources s are exactly recovered when W is
the pseudo-inverse of Aup to some scale changes and
permutations.

3. PROPOSED METHODOLOGY

The idea of the proposed method is very simple. In the
approach, FA apply to the original data, we then retain
those factors that can explain at least 90% of the total
variation, which is the optimal number of factors or the
optimal reduced dimensionality is considering relevant
components the goal of our analysis, then standard ICA
algorithm applying on extracted factors to optimize the
components are independent. Thereafter, standard
fourth central moment kurtosis is applied on the
extracted independent components to find out
meaningful features set in supervised classification,
proposed framework showed pictorially details in
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Chart -1: Proposed ICA on FA framework
4. EXPERIMENTAL RESULTS
In the the evaluation of the
performance of the proposed feature extraction
approaches on one simulated and 3 benchmark UCI
machine learning datasets. In the simulation study,
10000 data simulated each from four univariate
probability student  t-
distribution Chi-square and uniform. Reshaping each of
generated 10000 data into 8 features and 1250

observations individually. Then, the concatenation of
final data frame stands 8 features 5000 observations

section presents

distributions: = Normal,

with four distinct class. Proposed method then
compared with others traditional linear dimensionality
reduction methods, such as principal component
analysis (PCA), linear discriminate analysis (LDA) and
feature selection approach based on random forest
recursive feature elimination (RF-RFE). Accuracy (%)
using support vector machine classifier are describes in

Table 1 and Chart-2.

Table 1: Classification accuracy (%) using SVM classifier

5. CONCLUSIONS

Feature extraction based on unsupervised method is a
challenging task due to lack of class information in
supervised classification. To overcome this limitation,
we have proposed anovel method in this work. We
have empirically compared our proposed methods with
other existing methods on simulated and real data sets.
Our analysis indicates that ICA and FA, could able to
generate a representative feature for classification. The
performances of the proposed approach clearly show
the necessity of dimensionality reduction in the field of
data mining and pattern classification.
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