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PREFACE
Independent Component Analysis (ICA) is a relatively new statistical and
computational technique to analyze complex multidimensional data with the objective
to separate it into components that are independent to each other. This technique is
very well known in the field of signal processing where signals from different areas
such as biomedical, speech, and telecommunication are handled. These signals, in
their original form, can be seen as mixtures of some independent source signals and
the goal of ICA is to discover those independent source signals. To fully understand
the mechanism working at the back of the series, one has to undergo a complicated
process of interpreting the inherent meanings of the Independent Components (ICs).
The goal of interpretation may be easier to achieve if dimension-reduction is
exercised as a prerequisite. The application of ICA to perform dimension reduction
has received little attention as the dimension-reduction in ICA was not fully
appreciated. By reducing the dimensions, fewer leading or main components are
identified and the major information about the underlying mechanism behind such
time series may be obtained by discarding the less informative ones. The present
thesis is intended to present some new ideas in this context.
A brief introduction of the ICA technique and the reasons and intensions
behind the construction of ICs are presented in Chapter 1. The methodology and
different approaches behind the construction of ICs are also discussed in this chapter.
The ICA is compared with other multivariate techniques such as Principal Component
Analysis (PCA), Factor Analysis (FA), and Projection Pursuit (PP).
A comprehensive review of the literature regarding construction, post
construction issues, and applications of ICs is presented in Chapter 2. The emergence
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of the technique and history related to the construction of ICs is presented. This
history is split into three periods namely early, development and recent. The post
construction issues i.e. order of ICs, number of ICs to be retained and ICA based
clustering are also discussed. Some prominent areas of ICA application are also taken
up.
A detailed process of construction of ICs with application on financial time
series is given in Chapter 3. There are numerous algorithms to compute ICs. Three
popular algorithms i.e. JADE, FastICA and SOBI are used to compute ICs. After the
construction of ICs, following two very important issues are addressed in this chapter:


Ordering ICs: A new regression based approach is proposed to order ICs.



Determination of number of ICs to be retained: After arranging the ICs in an
appropriate order, according to the proposed approach, a new method is
developed to decide upon the number of ICs to be retained. This method relies
upon

. The data of the closing rates of 161 companies from KSE is used to

test the potential of the proposed methods.
The ICA based identification of clusters is attempted in Chapter 4. Two ways
of getting the needful done are proposed:


Adapted estimated mixing coefficients approach.



Ranked

approach.

Internal as well as external structure of clusters is discussed. Compatibility of the
clusters is compared with the available grouping mechanisms.
Conclusion and findings of the research are summarized in Chapter 5. Some
suggestions about future work are also presented in this Chapter.
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Advancement in ICA by introducing new ideas in the domain of ordering ICs,
determination of the number of ICs to be retained and ICA based identification of
clusters is achieved in the thesis.
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ABSTRACT
The thesis is aimed to explore ICA to comprehend massive data fully.
Financial time series’ data from KSE is used to compute ICs with JADE, SOBI, and
FastICA algorithms and a deep insight of the series is targeted through study of the
internal structure. Attempts from different directions are made to achieve the goal.
Ordering of the ICs to define their priority in retention is addressed. A new regression
based method is successfully introduced where regression coefficients obtained by
regressing the original series on ICs are used. The magnitudes of the mixing
coefficients are compared with regression coefficients for their compatibility to
determine the order of the ICs. A novel approach, based upon comparing original and
reconstructed series gauged through

is proposed to decide how many ICs should

be retained to reconstruct the series successfully. Identification of clusters is
attempted to reduce the dimensionality in natural way. Two ICA based approaches
namely adapted estimated mixing coefficients approach and ranked

approach have

been proposed and demonstrated. The first approach is based upon sum of squares of
mixing coefficients whereas the second approach uses rank order of

at predefined

threshold levels. Internal and external structures of clusters are also explored through
different metrics. Moreover, compatibility of the clusters is contrasted with the
available grouping mechanisms.
Keywords: Dimension Reduction; Financial Time Series; Ordering ICs;
Reconstruction of Series; Regression; Clustering
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CHAPTER 1—INTRODUCTION
This chapter presents a brief introduction of the thesis, the technique
Independent Component Analysis (ICA), and the reasons and intensions behind the
construction of Independent Components (ICs). The methodology and different
approaches behind the construction of ICs are elaborated then. A comparison of ICA
with other rival techniques for example Principal Component Analysis (PCA), Factor
Analysis (FA), and Projection Pursuit (PP) has been carried out.
1.1 The Rationale
Researchers working in the domains of medicine, engineering, finance,
economics, astronomy, etc., have to deal with a large number of variables and
enormous observations. The amount of data available and to deal with is growing
continuously. This makes the analysts face new challenges while performing analyses.
Conventional and commonly used statistical methods may potentially go failed just
because of heavy number of observations involved but it may not be the major reason
as the increase of the number of variables involved is more problematic and
troublesome. It is, therefore, the number of variables which should be taken into
account while defining dimension not the number of observations.
All the information contained in a dataset may not be as important as others at
least for a given situation. Thus some of the pieces may be set aside without making
any harm to the data. Selection of the relevant bits to be retained and isolating the
unimportant ones may be the actual task one may need to perform on a multivariate
data set. The process of finding a meaningful representation of the data which reveals
the ‘interesting’ features of the data is the ultimate requirement. By ‘interest’ we may
mean blending of original variables to detect grouping, clustering, or inducing
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independence to validate certain statistical analytical procedures etc. For example in
PCA the interesting feature is the uncorrelatedness of variables.
PCA (Hotelling, 1933), FA (Spearman, 1904), and PP (Friedman & Tuckey,
1974) are traditional paradigms of linear transformation methods suggested for
finding projections of the data that have ‘interesting’ structure. PCA and FA can be
viewed as dimension reduction techniques that transform the original correlated data
into maximally uncorrelated components which we may choose a subset from. While
using either of the above-mentioned methods the covariance matrix of the data
originally available plays the pivotal role. Although PCA and FA have similarities but
they are different so should not be used interchangeably. PCA takes into account all
variability in the variables and the principal components are computed by maximizing
the amount of variability that is being accounted for. On the other hand FA tries to
explain variability being shared by a set of common factors. Both PCA and FA
become equivalent if the covariance matrix of the specific components in the FA
model is  2 I .
It has been observed through several empirical applications that PCA and FA
both reveal interesting features if the underlying data used for calculation follows
Gaussian distribution. However, in many situations where the Gaussianity assumption
does not hold, the representation of the data given either by the PCs or the latent
factors (estimated by FA) could not portray the data in a significant way. For
example, they cannot capture higher-order independence and possibly they cannot
split the data into clusters. On the other hand if the assumption of Gaussianity is not
met covariance matrix loses its capability to reveal ‘interesting’ projections. In such
situations use of higher-order statistics will become essential. Projection pursuit is a
classical higher-order method that identifies the meaningful projections of the data (in
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the sense of displaying some relevant structure) as those that are far away from the
Gaussian distribution. Huber (1985)and Jones and Sibson (1987) were among those
who did not find assumption of Gaussianity essential for PP. Recently ICA is
developed as an alternate technique that uses higher order information to find a set of
hidden components, called ICs, which present meaningful description of data.
The thesis is aimed to explore ICA to comprehend massive data fully. The
application of ICA to perform dimension reduction has received little attention as the
dimension-reduction in ICA was not fully appreciated. By reducing the dimensions,
fewer leading or main components are identified and the major information about the
underlying mechanism behind the series may be obtained by discarding the less
informative ones. Advancement in ICA by introducing new ideas in the domain of
ordering ICs, determination of the number of ICs to be retained and ICA based
identification of clusters are the main interests of the thesis.
1.2 What is ICA?
Extraction of hidden components is possible by using any of the Blind Source
Separation (BSS) methods. The ICA, being member of the group, is found
computationally efficient. Use of the term ‘blind’ is justified as we either have no or
least knowledge about source variables which we are interested to extract.
The second last decade of the last century witnessed the evolution of the
technique ICA when pioneer work of Ans, Hérault, and Jutten (1985) tee-off the idea.
Eruption of a problem in the field of neurophysiology led to the formulation of
ICA. Nowadays ICA has become a technique of choice in various fields of science.
We search for those projections which are as independent as maximally
possible and ICA does the job for us. In the context of ICA the most ‘interesting’
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components are those that are maximally independent internally. On the one hand,
ICA is related to PP in the sense that ICA looks for the maximum independence of the
components by maximizing their non-Gaussianity. On the other hand it can be viewed
as an extension of PCA as the uncorrelatedness of the PCs is required to be converted
into independence to calculate ICs.
ICA is a dynamic technique which facilitates researchers from diverse
disciplines. Some of the areas of its application are: pattern recognition, biomedical
signal processing, sensor signal processing, telecommunication analysis of financial
data, etc.
In most of its applications, the observations are simply random vectors or data
that do not exhibit temporal dependencies. However, multivariate time series data
usually have an eloquent autocorrelation structure. Of course we can apply any of the
above-mentioned methods– PCA, FA, PP, or ICA– to find the ‘interesting’
projections of multivariate time series data, but we might not obtain the desired
components i.e. those which describe the structure of the data meaningfully.
In short it can be said that PCA and FA perform well only under Gaussianity
assumption and converse of it gets covered by PP and ICA. The ICA has an edge over
PP on the grounds of accommodating temporal structures.
1.2.1 Model to Construct ICs
Let we have
combinations of

random variables

random variables

which are modeled as linear
where

, then
(1.1)

where

and

are some real coefficients. By definition

are statistically mutually independent and non-Gaussian distributed components.
This is the basic ICA model.
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Using vector matrix notation at single time point

(1.1) can be written as
(1.2)

or simply
(1.3)
Using the matrix notation and for

(1.3) can be written as
(1.4)

Where

is an

matrix of observations,

is an

constant parameters, that is called mixing matrix, and

matrix of unknown
is an

matrix of non-

Gaussian and mutually independent hidden components, which are called ICs. For the
given random sample of

, the aim of ICA is to estimate both

as well as , from

the observations alone. Thus, ICA tries to find a linear transformation of the data,
(1.5)
where the matrix , of size

, is to be defined such that the components (rows) of

become as independent among each other as possible. However, assuming statistical
independence on

is not enough to guarantee the identifiability of model (1.2), that is

independence is necessary but not sufficient condition of identifiability, so some
additional assumptions should be brought in focus (Comon, 1994):
i.

The number of observed variables should not be greater than the number of
ICs,

ii.

. As a result, the mixing matrix will be a full rank matrix.

From (1.2) we know that
(1.6)

and since both
rewrite it as:

and

are unknown, and for any 

, we could also
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(1.7)

That is

on its own or its rescaled variant could equally be used as IC. The

is chosen so as the variance of the ICs can be stabilized at a desired level
(say
iii.

).

Not more than one IC could be Gaussian distributed. If there are two or more
Gaussian components, the observations will become more and more Gaussian
and then, the components cannot be separated (by the central limit theorem,
the sum of a set of independent random variables tends to be Gaussian
distributed). Under Gaussianity, ICA and PCA are equivalent, and the ICs will
be indeterminate under rotations.
An important drawback of ICA is that despite of imposing those three
identifiability conditions on (1.1), the ordering of the ICs is still ambiguous.
Most of the literature related to ICA deals with the basic ICA linear model.

This model is a particular case (1.1) but assuming, by simplicity, that the dimension
of

is equal to the dimension of

i.e.

. However, note that this need not

necessarily be the case in many empirical applications, where the interest is to
estimate only a small number of components. In that case, PCA is usually applied to
reduce the dimension of the observations (from

) and then, the basic ICA

model on the m-dimensional vector of observations is hold.
1.2.2 Estimation of the ICA Model
As a prerequisite of the estimation of ICA model the mixing matrix

has to

be orthogonalized. The orthogonality enables us to choose a subset and disregard rest
so as we could concentrate on estimating a reduced number of ICs. The orthogonality
can be enforced by means of using an appropriate technique like PCA. The orthogonal
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variables are standardized so that they have zero mean vector and identity covariance
matrix. That is at a single time point ,
(1.8)
where

is an

matrix such that

and

. ICA procedures usually

apply PCA to perform the multivariate standardization of
Let

as follows.

be the covariance matrix of . The eigenvalue decomposition of

is given by

, where

columns) and

is the orthogonal matrix of eigenvectors (in
where

of eigen values. Taking

, the original

is the matrix
gets transformed into

which is

now multivariate standardized, and the ICA model (1.2) can be written in terms of the
standardized data , as,
(1.9)
where

is the new mixing matrix of size

which is

obviously orthogonal and consequently dimension can now be slashed from
discarding the remaining
(then,

and

to

by

ICs corresponding to the lower tailed eigenvalues of

will be, respectively, the

vector and the

orthogonal

mixing matrix).
The ICs can be estimated using linear combination of the standardized data,
(1.10)
where

is an orthogonal square matrix of size

(where

). The matrix

defined to make the estimates maximally independent. That is choice of

is

amounts to

estimation of ICs.
There are numerous approaches to estimate the ICs and the unmixing matrix.
Hyvärinen, Karhunen, and Oja (2001) classify them into four broad categories
namely: Estimation by Maximizing the Non-Gaussianity of Components; Estimation
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by Maximum Likelihood Method; Estimation by Minimizing Mutual Information;
Estimation by Tensor Based Methods.
A necessitous first step for estimation is defining an objective function
which is a smooth scalar valued function of

that measures the goodness of the result

of the estimation in one way or another. Different definitions of
chosen in different approaches. Its derivative

are possible and are

, sometimes called an activation

function, typically appears in the algorithms as a nonlinear function.
1.2.2.1 Estimation by maximizing the non-Gaussianity of components.
Non-Gaussianity is the necessary condition for this type of estimation of ICA failing
which estimation becomes impossible.
The theory of the central limit theorem lays foundation of the assumption
because it states that sum (a linear combination) of independent random variables are
more likely to follow Gaussianity than their individual counterparts. Moreover,
presence of more than one already Gaussian components in the linear combination
will improve this likelihood thus is disallowed in this approach.
Let us now assume that the data vector

is distributed according to the ICA

data model i.e. it is a mixture of unknown ICs. If, for simplicity, we assume that all
the ICs are identically distributed then to estimate one of the ICs, we consider a linear
combination of

where

and if one row of the

, and if
is assumed as

vector is not finalized yet

then ICs can be constituted using resulting

linear combination.
The role of central limit theorem in determining
rows of
knowing

so as it becomes one of the

is questioned next. Practically, such an exact determination of

without

is not possible but a good approximation may be attempted. A change of

variables is made by setting

. Then we have

.

9

Thus

is a linear combination of

with weights given by

. Since the central limit

theorem tells us that the sum of even two independent random variables is more
approaching to Gaussian than the original variable,
the

is more Gaussian than any of

and becomes least Gaussian when it is equal to one of the

one of the elements of
Gaussianity of

. In this case only

would be non-zero. Thus maximizing the level of non-

gives us one of the ICs.

Non-Gaussianity is often measured by kurtosis, although it is not robust
against outliers. The kurtosis of the

IC is given by
(1.11)

is zero when

is Gaussian. As has been pointed out earlier, when kurtosis

is required to be estimated from the sample it loses its merits as it is quite problematic
to handle outliers. Non-Gaussianity can preferably be gauged through Negentropy as
it is not sensitive to outliers on the cost of employed computational complexity.
Entropy, the most fundamental concept of information, lays the foundation of
negentropy as it is the information theoretic quantity of differential entropy. If we
have set of equivariant variables then information suggests that the largest entropy
will be associated with the Gaussian variables. This fact helps entropy can be used to
gauge Gaussianity by defining non-negative quantity called negentropy, a normalized
version of differential entropy, which will be zero for Gaussian variables. It is denoted
by and is calculated using:
(1.12)
where

has the same correlation (and covariance) matrix as

and follows

Gaussianity. Invertible linear transformations do not affect it so are invariant to such
transformations. The full backing of the statistical theory to the negantropy makes it
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ranked quite high among its rivals. The rank is bracketed with the extent of involved
computational complexity.
1.2.2.2 Estimation by minimizing mutual information. Another way of
estimating ICA model is to use mutual information i.e. the model can be estimated by
minimizing mutual information. The idea behind this approach is that it may not be
very sensible in many cases to assume that the data follows the ICA model. Therefore,
we need a method which does not put such constraints i.e. a general purpose measure
of the dependence of the components of a random vector is needed. Using such a
measure, ICA can be defined as a linear decomposition that minimizes the
dependence measure. Such an approach is established using mutual information,
which is based upon an information theoretic measure of statistical dependence. One
of the major uses of mutual information is that it serves as a unifying framework for
many estimation principles, in particular maximum likelihood estimation and
maximization of non-Gaussianity. This approach provides an exact justification for
the heuristic principle of non-Gaussianity.
The mutual information of an

dimensional vector

is defined as:
(1.13)

Mutual information can also be expressed as Kullback-Leibler (KL) divergence
between the product of the marginal distribution of the two or more random variables
and joint distribution of random variables i.e.
(1.14)

where

is the joint distribution of

and

are the marginal distributions of

. Thus it is clear that mutual information is always non negative measure of
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independence. Since mutual information is defined in terms of entropy, the algorithms
based on this approach computes the mutual information using different
approximations of entropy.
1.2.2.3 Estimation by maximum likelihood method. Another approach to
estimate the ICA model is to use Maximum Likelihood Estimation (MLE) method for
estimating the optimal unmixing matrix. In the method those values of parameters are
selected that assign the highest probability to the observations. Beside the parameters
themselves we need to estimate the densities of the ICs. The Likelihood function is
also a function of these densities thus for relatively large number of parameters the
application of MLE starts getting more and more complicated as quantities to be
estimated grows very large and quickly approach to infinity resultantly it does not
stay parametric and gets ‘semiparametric’ or even ‘nonparametric’.
1.2.2.4 Estimation by tensor based methods. Tensors can be viewed as a
generalization of matrices. Cumulant tensors are generalizations of the covariance
matrices. Minimizing the higher order cumulants approximately amounts to higher
order decorrelation, and can thus be used to solve the ICA model. However, the
statistical properties of the tensor methods may be inferior to the other three methods
described above. The main drawback of these tensor base methods is that they are
very resource hungry particularly in high dimensional data sets.
Regardless of the fact that the properties and the optimality criteria of the
above mentioned estimation approaches are quite different; many theoretical relations
have been established among those. For example, Cardoso (1997) presented the
mathematical equivalence between the mutual information and maximum likelihood
approaches. Moreover, T. W. Lee, Girolami, Bell, and Sejnowski (2000) showed that
negentropy maximization (that is maximizing non-Gaussianity) also enjoy the same
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properties. Since the approaches are mathematically equivalent, therefore, it appears
that there exists a unifying framework for ICA. Several estimation approaches thus
are summed up by defining an objective function

where every estimation procedure

would have a definition of its own.
1.3 ICA and Other Multivariate Techniques
This section explores the relationship between ICA and conventional
techniques being used earlier than the inception and popularity of ICA to simplify the
structure of large data sets namely Principal Components Analysis (PCA), Factor
Analysis (FA), and Projection Pursuit (PP). All the techniques including ICA, PCA,
FA, and PP are based on the idea of finding an ‘interesting representation’ of the data
by the projection of the variables. The definition of the ‘interesting representation’
makes them different. The comparison is available in the subsequent sections.
1.3.1 ICA and Principal Component Analysis (PCA)
In PCA, the ‘interesting representation’ of the data set is defined as those
projections of the data, which are usually fewer in number than the original variables,
that are mutually uncorrelated and explain as much of the total variability in the
variables as possible. These projections, called Principal Component (Scores), will be
statistically uncorrelated only if the observations are Gaussian distributed. Thus, ICA
can be seen as a generalization of PCA in the sense that the ICs will be estimated by
the rotation of the PCs that makes them as independent as possible.
1.3.2 ICA and Factor Analysis (FA)
Like PCA, FA is also a linear method which is based on the second order
statistics. FA assumes that the measured variables depend on some unknown and
often immeasurable common factors. The goal of FA is to uncover such relations.
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ICA is related to FA in the sense that model (1.1) is quite similar to the model used in
classical FA. However, FA assumes uncorrelated underlying factors, whereas ICA
assumes non-Gaussian components in addition to their statistical independence. Then,
ICA can be viewed as a non-Gaussian FA (Hyvärinen & Kano, 2003) that uses
higher-order information to uniquely identify the model (1.1). By the non-Gaussianity
assumption on the underlying components, ICA will be very helpful to determine the
optimal factor rotation, without using traditional methods like varimax. That is,
estimating the ICs is equivalent to find the optimal rotation of the latent factors in FA.
1.3.3 ICA and Projection Pursuit (PP)
Finding the directions for projections of the data which show interesting
patterns or distributions which satisfy the defined ‘interest’ for the situation is done
through Projection Pursuit. A multivariate normal is of least interest thus is avoided
because no matter how it is projected on bivariate normal, does not add any value to
its explainability. In terms of Gaussianity the desired directions will be those which
remove as much of the Gaussianity as possible which is in line with the ICA that
demands to achieve independence.
The projection of the data on the direction suggested by projection pursuit has
all the potentials to expose the clustered structure of the data, if it exists. The
projections suggested by the PCs, on the plane constructed using the first two, relies
on the principle of maximum variability, of the projected data, do not guarantee to
reveal the latent cluster structure satisfactorily. Thus the intuitive choice of projection
index, of variance of the projected data, loses its applicability. A better alternate
suggested by PP is to standardize the data and then use an index measuring the
deviation of the projected data from standard Gaussian distribution. The choice of the
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projection index ensures independence as well thus ICA can be thought as a surrogate
of projection pursuit in a way.
If ICA measures the statistical independence of the components in terms of
non-Gaussianity then PP could be seen as a special case of ICA, which tries to suggest
those projections of the data which are as far from Gaussianity as possible.
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CHAPTER 2—LITERATURE REVIEW
This chapter gives a comprehensive review of the literature regarding
construction, post construction issues, and applications of ICs. The first section
enlightens the beginning of the technique. Then is presented the history related to the
construction of ICs. This history is segregated into three periods namely early,
development and recent. Next section addresses the post construction issues i.e. order
of ICs, number of ICs to be retained and clustering in ICA. Striking areas of ICA
application are the subject matter of third section. ICA, being a signal processing
technique, finds its way in solving problems in a variety of areas such as blind
separation of mixed voices or images, analysis of several types of data, feature
extraction, sensor signal processing, system identification, biomedical signal
processing etc.
2.1 Inception of the Technique (1985)
The technique of ICA was first formally introduced in the early 1980s by Ans
et al. (1985). Eruption of a problem in the field of neurophysiology led to the
technique of ICA. In the problem the muscle contraction was studied and their motion
was coded for simplified modeling. The output of the experiment was obtained
through two sensors which generate sensory signals which were used to measure
muscle contraction and were called x1 (t ) , x 2 (t ) respectively, and s1 (t ) reports the
angular position and s 2 (t ) represents velocity of a moving joint. The nervous system
must somehow be able to infer the position and velocity signals s1 (t ) , s 2 (t ) from the
measured responses x1 (t ) , x 2 (t ) .
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An inverse model could be a possible solution. The model should use a
nonlinear decorrelation principle in line with a simple neural network. Ans et al.
(1985) suggested an exact track to solve the problem. The technique used to solve the
problem which we now know as ICA.
2.2 Construction of ICs
2.2.1 Early Period (1986-1995)
In 1980s, ICA emerged as most popular technique initially among French
researchers.
In 1989 ICOSAHOM organized an international workshop on high order
spectral analysis the area which has a close relation to the field of ICA. In the
workshop pioneer work on ICA was presented in papers by Cardoso (1989a), and
Comon (1989).The simple FOBI algorithm which is based on fourth order blind
identification, was introduced by Cardoso (1989b). Initially, the use of fourth order
cumulants in the context of ICA was suggested by Lacoume and Ruiz (1988).Several
algebraic methods, specifically higher order cumulant tensors were also introduced by
Cardoso (1989b).
Gaeta and Lacoume (1990) introduced the estimation of ICs using maximum
likelihood method.
Oja, Ogawa, and Wangviwattana (1991) and Karhunen and Joutsensalo (1994)
introduced the “Nonlinear PCA” approach.
A simple second order algorithm using single time lag called AMUSE –
Multiple Unknown Source Extraction– was introduced by Tong, Soon, Huang, and
Liu (1991). The algorithm is based on eigenvalue decomposition.

17

Cardoso and Souloumiac (1993) presented JADE i.e. Joint Approximate
Diagonalization of Eigen Matrices which is a computationally very efficient technique
for the blind estimation of directional vectors based on joint diagonalization of fourth
order cumulant matrices
Another second order algorithm which is similar to AMUSE was proposed by
Molgedey and Schuster (1994).
Considering several time lags was suggested by Belouchrani, K. A. Meraim, J.
F. Cardoso, and E. Moulines (1997) in an extension to AMUSE and was termed as
SOBI– Second Order Blind Identification. Time delayed covariance matrices are
approximately diagonalized jointly to perform BSS. This algorithm is similar to
AMUSE.
2.2.2 Development Period (1996-2005)
ICA remained unattended for researchers until mid-1990s. Algorithms
controlling limited problems were suggested during the period.
The ICA gained better popularity and acceptability when Bell and Sejnowski
(1995) introduced a natural gradient algorithm which is also known as the Bell
Sejnowski algorithm. This approach became very popular after this algorithm. Bell
and Sejnowski derived it using the infomax principle which is based on finding
independent signals by maximizing entropy.
Amari, Cichocki, and Yang (1996) and Amari (1997) introduced the
extensions of algorithms based on natural gradient method and proposed that a single
very high order density polynomial nonlinearity could be used as a universal
nonlinearity.
A detailed analysis of the connection between mutual information and
infomax or maximum likelihood is presented by Amari et al. (1996) and Obradovic
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and Deco (1998). The relative gradient approach is also used by Cardoso and Laheld
(1996), Amari, Cichocki, and Yang (2000) and Douglas and Amari (2000). These
algorithms are almost same as introduced by Cichocki, Unbehauen, and Rummert
(1994) and Cichocki and Unbehauen (1996). They are based on nonlinear
decorrelation and quite same to the one introduced by Laheld and Cardoso (1994) and
Cardoso and Laheld (1996).
Fixed point algorithm, also known as FastICA algorithm, was introduced by
Hyvärinen and Oja (1997), Hyvärinen (1997) and Hyvärinen (1999a) which is
computationally very efficient. It has a lot of contribution in application of ICA.
The volume of work on ICA started growing from mid 1990s when several
good papers were written, several workshops were conducted, and several sessions
were deputed solely to cover ICA and related ideas. For example in 1999 the first
international workshop was organized in France on ICA. Another workshop was
organized in Finland in the year 2000. These were tremendous workshops as good
score of researchers, well over 100, concentrating the blind signal separation and ICA
actively participated.
The idea of infomax was modified by T. W. Lee, Lewicki, and Sejnowski
(2000) and termed as extended infomax. The revised idea has additional potential of
switching between nonlinearities while handling super-Gaussian and sub-Gaussian
sources to separate mixtures.
He et al. (2000) proposed a nonparametric algorithm for minimization of
mutual information. An approach based on order statistics was proposed by Pham
(2000). Yeredor (2000) presented WASOBI i.e. Weights-Adjusted SOBI. This
algorithm is more complex and based on the uniformly weighted second order blind
identification. Weights of the approximate joint diagonalization are adjusted through
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use of supplementary iterations. Thus it demands estimation of ARMA parameters.
WASOBI, thus, is truly not an algorithm which is based on second order statistic. It
can best be termed as an algorithm which ‘mainly’ depends on second order statistic.
Some nonparametric methods to estimate the mixing matrix are also
developed. For example, Hastie and Tibshirani (2003) proposed maximizing the
penalized likelihood as a function of unmixing matrix and pdf of ICs. Vlassis and
Motomura (2001) proposed to maximize the likelihood by using Gaussian kernel
density estimation. Various performance analyses have been carried out using
simulations. These papers did not provide a method for tuning the procedures and
nothing has been proven about their asymptotic properties. Samarov and Tsybakov
(2004) proposed and analyzed a consistent estimate of mixing matrix under mild
conditions.
2.2.3 Recent Period (Post 2005)
Using the fact that departure from Gaussianity helps us calculate ICs, we try to
make our data departed from Gaussianity as much as possible. To induce nonGaussianity we maximize the absolute kurtosis. This lets us move in the positive or
negative direction of kurtosis so the attained non-Gaussianity could be subGaussianity or super-Gaussianity. If the distribution is super-Gaussian then it is least
likely to have more than one modes located whereas sub-Gaussianity increases the
chances of having more than one modes identified.
Eriksson and Koivunen (2004) introduced Strong Uncorrelating Transform
(SUT), which is an extension of the conventional whitening transform for complex
random vectors.
A. Chen and Bickel (2006) analyzed ICA using semi-parametric theories and
proposed a straightforward estimate based on the efficient score function by using B-

20

spline approximations. The estimate is asymptotically efficient under moderate
conditions.
Ollila and Koivunen (2006) introduced Generalized Uncorrelating Transform
(GUT), which is a generalization of the SUT. This algorithm is based upon
generalized estimators of the covariance and pseudo-covariance matrix, called the
scatter matrix and spatial pseudo-scatter matrix, respectively.
FOTBI–Fourth Order Temporal Blind Identification– (Prieto, 2011) extends
the JADE (Cardoso & Souloumiac, 1993) by taking into account the temporal
dependencies among the observations. It also expands the SOBI (Belouchrani et al.,
1997) procedure by introducing higher order statistics which guarantees the statistical
independence of components under non Gaussianity assumption.
FOBI and JADE diagonalize certain fourth order cumulant matrices to extract
the ICs. FOBI uses one cumulant matrix only, and is therefore computationally very
fast. Though, it is not capable to separate identically distributed components which is
a main disadvantage. JADE overcomes this limitation. Unfortunately, JADE uses a
large number of cumulant matrices and is computationally very heavy in highdimensional cases. Miettinen, Nordhausen, Oja, and Taskinen (2013) hybridize these
two methods. The affine equivariant FOBI estimate is used as an initial value for
JADE, and only a small subset of most informative cumulant matrices is then
diagonalized. In simulation studies it is shown that the new affine equivariant estimate
is almost as good as JADE, and it is computationally much faster.
2.3 Post Construction Issues
ICA is also used as a dimension reduction technique. Studies based on reduced
dimensions of data make the analysis easier. By reducing the dimensions several
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leading or main components are obtained and these main components disclose the
major lot of information about the underlying mechanism behind (financial time)
series. By disregarding less important details, the built model is more likely to
perform better in series’ forecasting.
The application of ICA in dimension reduction could not attract enough
practitioners as the application area was yet to attain maturity. Two points particularly
erupted when dimension reduction was attempted using ICA.
i.

How to rank ICs in terms of significance to select dominant components?

ii.

How many dominant ICs should be retained?
As discussed in Chapter-1 ICA is a blind source separation technique.

Practically the meaning and interpretation of ICs is not a simple task. The order or the
weights in the transformation matrix do not exhibit the nature of each component.
Therefore classification of components is a task which needs careful attention.
The existing literature does cover the proposals regarding method to order the
ICs, to determine optimal number of ICs to be retained and used to construct ICA
model as well as to form clusters of ICs. Following section gives a précis of the
relevant literature and proposed methods.
2.3.1 Ways to Order ICs
The L norm of each individual component is used by Back and Weigend
(1997) to decide the order of the components. Hyvärinen (1999b) suggested the
sorting of ICs according to their level of non-Gaussianity. Mutual information
between the observations and the individual components was used to select a subset
of the components by Trappenberg (1999). In the above-said methods, the order of the
component is solely determined by their position within the components and no
consideration is given to the data used to compute the components. On the other hand,
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Cheung and Xu (2001) found using collective contributions of the components in the
reconstruction of the original (time) series quite useful while ordering ICs. The shift
in paradigm was so important that could be regarded a new ordering scheme. In short
the ordering provide us the base for deciding two things: number of components to
use for reconstruction, prioritizing the components. The apparently two-fold problem
reduces to ordering problem alone. Instead of attempting all possible ways of doing
the job a less than exhaustive search, which may be produce a sub-optimum result,
can be done using the algorithm called Testing-and-Acceptance (TnA). Cheung and
Xu (2001) proposed the algorithm as well. The algorithm determines the order by
sequentially testing each independent component in the series' reconstruction before
accepting it.
Üzümcü, Frangi, Reiber, and Lelieveldt (2003) considered four different
criteria to sort the ICs.


The variance of histogram is used as the first criterion. If original variables are
mapped on to each of the components and histogram of each of the projection
is overlaid by a frequency polygon to assess the variability of projected
variable. Ideally the polygon should imitate a Gaussian curve. These estimates
of the variability are then used in a way similar to the one used in PCA to rank
the strength of the ICs. The extent of variability reflects the quality of the ICs.
Larger variance allows conception of large range of shapes. Smaller variances
confirm noise and outliers in the input data which have been taken good care
of. The variance becomes the ‘natural’ criteria. Therefore, the ICs were
ordered from largest variance to the smallest.



The second method is based on level of non-Gaussianity. Gaussianity is
checked by means of Shapiro-Wilk test for normality. The level of non-
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Gaussianity is gauged through p-value associated with the test i.e. smaller pvalues correspond to higher level of non-Gaussianity. The components are
ordered from maximally non-Gaussianity to lower non-Gaussianity to
Gaussianity.


The third ordering method is based on the mean angle , the angle between
each IC and the shape set. The smaller mean angle reflects better alignment so
the ICs are sorted with increasing mean angle.



The fourth method was based on locality of shape variation. PCA concentrates
on global variability and does not pay any attention to the localized variations.
If PCA’s goodness in terms of its global variability could be augmented with
the local variation patterns the situation gets improved. Therefore, an ordering
of the ICs is proposed which accommodates locality and amplitude of the
shape variation while ordering them. It is based on the fact that when the
corresponding weight factor of an IC is varied it shows a variation with
respect to the mean with certain amplitude. The use of mean is in line with the
calculation of standard deviation. The locality of the shape variations and their
amplitudes are quantified and are used to rank ICs. The basic tool here again is
the width of the histogram of the shapes projected onto each IC. The width of
the histogram represents corresponding variability.

2.3.2 Number of ICs to be Retained
If we are not interested to retain all ICs and we need to limit their number for
one reason or other then the intuitive question arises regarding number of ICs to be
retained. It is a tricky question which has to be answered intelligently. The literature is
not silent on the issue rather several tests and information criteria have been proposed
to obtain an answer. In the literature about dynamic factor models, several tests and
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information criteria have been proposed to determine the number of ICs to be
retained.
Karhunen, Cichocki, Kasprzak, and Pajunen (1997) established that two
famous information-theoretic criteria, Akaike Information Criteria (AIC) and
Minimum Description Length (MDL) produces good estimates of the number of
sources for noisy mixtures under certain conditions.
The number of ICs were determined by Roberts (1998) using Bayesian
criteria.
Simulated Ordered Negentropy of ICs (SONIC) was introduced by S. M. Lee
(2003) which correctly determines the number of ICs. In case of multivariate data sets
Tibshirani, Walther, and Hastie (2001)’s Gap statistic provides basis of the method.
While using the SONIC method the actual (expected) value of negentropy is
compared with its value of estimated ICs in the method. As a prerequisite both of the
Gaussian and measured variable should have same location and scale properties. This
will, thus, be an essentially a non-negative quantity.
As ICA model can be based upon any number of ICs. Thus their comparison
may be required to assess the quality of a particular model. One such method for
comparing ICA models is given by Westad and Kermit (2003) who proposed an
uncertainty parameter:

2
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where

M
sa

Estimated uncertainty variance of the
ICA loading
Number of cross-validation segments
loading vector of the ICA model built with all objects
loading vector from the model built after removal of cross-validation
segment .

25

A Chi-square statistic is proposed by Pena and Poncela (2006) to assess the
number of dynamic factor. It presumes absence of any serial correlation in the specific
components. As soon as the serial correlation vanishes we stop accommodating
further ICs.
G. Wang, Cai, and Shao (2006) have also proposed to build incremental ICA
models (where first model takes only one, the next takes two ICs and the last takes all
(A)), to reconstruct the

matrix with each of them, yielding

built with ‘a’ ICs where

when ICA model is

, and the residual is defined as the difference

between observed and estimated . By observed we mean originally available and by
estimated we mean reconstructed . The SSR is calculated as summing the squares of
these residuals. The preferred model will be one which produces smaller SSR.
Numerous approaches have been made available to find number of ICs which
are neither too few nor too many for a given situation. Each of the approach has its
own area of suitability. For example SONIC is applicable only when expected value
of negentropy is already known. This demand limits SONIC’s application to very few
situations and make it irrelevant in most of the practical situations.
Two new methods, which are simple, relatively less computation hungry, do
not presume prior knowledge, to define optimal number of ICs retained and used to
estimate ICA model have been proposed by Bouveresse, Moya-González, Ammari,
and Rutledge (2012).


The first method depends upon intelligent division of the data matrix into
blocks of approximately equal size with intent to make the block as
representative of the data as possible. If
ultimately retained and

is the expected number of ICs to be

is the block size and if the maximum number of ICs
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derived from each block is , i.e.
have

models with

then

. Thus each block would

ICs involved in. Models corresponding to

ICs for every block would have different IC loadings. The models
with same number of ICs in, coming from different blocks, attempt to
represent the true data. The correlation among the specific ICs from each of
the blocks with same number of ICs involved may be checked. The number of
ICs in models with higher such correlation would suggest the optimum
number of overall ICs to be retained.


The second method makes use of Durbin Watson (DW) statistic to gauge the
noise ratio in signals. Here DW statistic is defined as follows:
where

and

represent ICs at time

and

respectively.
As in the case of no noise, the (sum of the) differences in the numerator
and consequently DW will approach 0 and will depart from 0
otherwise.
If

is the maximum number of ICs possible, then

constructed based upon

ICs and

number of IC models are

statistic is computed for each of

the model. The count one less than the number of ICs used in the model
producing the smallest value of

statistic would be considered as the

optimum number of ICs to be retained.
2.3.3 Clustering in ICA
Graphical use of PCs in order to identify clusters in multivariate data is a
common practice. Recently some researchers worked on formation of clusters using
ICs or ICs after PCs.
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Wu and Yu (2006) proposed an algorithm to cluster multivariate time series.
First FastICA algorithm is applied to transform multivariate time series into ICs and
then dominant ICs (based upon loadings) are selected. The clusters are then identified
based on the similarity of the dominant ICs.
Using the fact that departure from Gaussianity helps us calculate ICs, we try to
make our data as much departed from Gaussianity as possible. To induce nonGaussianity we maximize the absolute kurtosis. This lets us move in the positive or
negative direction of kurtosis so the attained non-Gaussianity could either be subGaussianity or super-Gaussianity. If the distribution is super-Gaussian then it is least
likely to have more than one modes located whereas sub-Gaussianity increases the
chances of having more than one modes identified.Jamal and Kent (2009) proposed a
clustering technique based on the fact that clusters are formed when kurtosis is
usually negative i.e. the distribution is sub-Gaussian. Using sub-ICA algorithm, ICs
can be obtained through minimizing kurtosis and increasing chances to locate modes.
The one-dimensional projection of the so-calculated ICs would suggest modes and
each mode will centre a cluster. This is how clusters are formed in this approach.
Reza, Nasser, and Shahjaman (2011) proposed to identify clusters by PCs, ICs
and ICs after PCs. Islam, Islam, and Naseer (2012) compared clusters formed by ICs,
PCs, and ICs after PCs using four simulated datasets and three real life data sets.
Lu and Chang (2014) proposed a hybrid sales forecasting scheme by
combining ICA, K-means clustering and Support Vector Regression (SVR). The
proposed scheme first applied ICA to extract hidden information from the observed
sales data. The K-means algorithm was then applied to extracted features for
clustering the sales data into several clusters. The SVR forecasting models were
applied as a last step to each group to create the final forecasting results.
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2.4 Uses and Applications
2.4.1 Health Sciences
One fruitful application area of blind signal processing includes handling
biomedical signals obtained through multi-electrode devices. It directly serves
humanity as biomedical signal processing results in improving healthcare conditions.
2.4.1.1Cardiac signals. Electrical activity of the heart is monitored and
recorded by Electrocardiography (ECG). Various electrodes, attached to the skin
surface of the body, detect and record transthoracic interpretations of the electrical
activity of heart in the form of wave used as signal during a given period of time. In
this area Cardoso (1998) presented a good example of ICA for the decomposition of
fetal and maternal ECGs recorded simultaneously from three electrodes placed on a
pregnant woman’s abdomen.
Wisbeck, Barros, and Ojeda (1998) used ICA to isolate the breathing artifacts
from ECG signals collected from 8 different locations of thorax of a single subject.
This proves the ability of ICA technique to improve the quality of the cardiac signals
recorded by ECG. Barros, Mansour, and Ohnishi (1998) proposed a two−layer neural
network application of ICA to eliminate artifacts from the ECG.
Niedermeyer and Silva (1999) and Rajapakse, Cichocki, and Sanchez (2002)
also applied ICA for fetal electrocardiogram extraction. Maternal electrocardiogram
signals and noise from fetal electrocardiogram signals were filtered and low level
electrocardiogram components were enhanced.
2.4.1.2 Brain signals. Magneto encephalography (MEG) is a noninvasive
technique by which the activity of brain can be recorded in form of magnetic fields.
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The presence of the artifacts makes the situation harder for the researchers
using MEG record because they face problems in extracting essential features of
neuromagnetic signals.
Vigário, Särelä, and Oja (1998) introduced a new ICA based method to
separate brain activity from artifacts using ICA. Petersen, Hansen, Kolenda, and
Rostrup (2000), Tang and Pearlmutter (2003), Parra, Kalitzin, and Lopes (2004) also
applied ICA on MEG data to remove artifacts from brain signals.
2.4.2 Biometric Security
Biometric security system is a mechanism which is used to identify a person
by verifying the physical characteristics such as finger prints, palm prints, iris etc.
This security mechanism makes use of different techniques of feature extraction, face
recognition, palm recognition and iris recognition etc.
2.4.2.1 Face Recognition. A face, like any other image, is stored in the form
of a bitmap or pixmap where bitmap is inferior to pixmap. A bitmap is a mapping of
picture elements and provides a way to store each element in one of the two colours
say as black or white. Its generalization for more than two colours is possible by
storing an image as pixmap where every picture element is stored as a bunch of
several bits ranging from 2 to 64. Both bitmap and pixmap are types of memory
organization for storing an image duly digitized for the purpose.
For storing a face, or database of faces, we have to logically split the image in
rectangular arrangements of rows and columns and every cell produced resultantly is
considered a picture element (pixel). The number of bits used to recognize colour of
the pixel improves its storage and complicates the ultimate recognition procedure. We
may handle four (22) colours if two bits are used, similarly 264 possibilities are
handled if 64 bits are used. The logical rectangular arrangement could be conceived as
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a matrix of data which could a dimension reduction technique including ICA can be
applied to. The possible artifacts for the problem include but are not limited to light
condition, background, relative size, aspect ratio etc.
Identification and verification of faces from images or videos is done by facial
recognition system. Identification of a person from an unknown (test/input) face is
usually done by comparing the unknown (test/input) face with the known faces from a
database of faces (basis images). The face recognition is done in three steps. First,
segmentation of faces is done from muddled scenes or face detection is the first step
of the solution. Then, the feature extraction is done from the face region and finally a
decision is taken. The result of the decision process is recognition, verification or
categorization of an unknown (input/test) face by the comparison of unknown
(test/input) face with a database of faces.
ICA is successfully used for face recognition. To recognize faces, ICA works
by considering the input face images as linear combinations of statistically
independent basis images combined by an unknown matrix.
Traditional methods for face recognition have used methods like PCA. By
performing ICA, Bell and Sejnowski (1995) developed a method based on
maximization of entropy in single-layer feed forward neural network. The algorithm
is an unsupervised learning algorithm. The transformation of the original set of
features is done through ICA into a new set of features which are independent to each
other.
Bartlett and Sejnowski (1997) evaluated the performance of PCA and ICA for
face recognition for two different tasks i.e. for different pose and different lighting
condition. It was shown that for both tasks, ICA performs better than PCA.
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Some ICA-based feature extraction methods have been suggested by Yang and
Moody (2000) where visual representation of the data is of the primary interest.
2.4.2.2 Iris recognition. In a typical human eye iris is a part which controls
the diameter and size of the pupil to let just enough light reaching to the retina. The
colour of the iris is the colour of the eye. The iris is considered best biometric
identification for the human beings on the grounds: that right from the age of 10
months it remains unchanged throughout the life; a code assigned to one human will
not suit any other human thus it is unique that is the iris is unique in the sense that two
humans will have same iris with a probability

; the code generated for a human

eye can easily be used in common security devices; does not require physical touch so
is hygienic.
In iris recognition a picture of iris is taken and then compared with a database
of such pictures for authentication purposes. From the picture some 200 different
identification points are read using different algorithms available for the purpose. The
algorithms attempt to delimit the iris and try to exclude artifacts such as eyelashes,
eyelids, glare and reflection. Resultantly we are provided with a data of irises with
scores of variables possibly still contaminated with various artifacts.
The iris recognition is also used for biometric security. Iris of any person’s eye
has a unique random pattern. The identification and verification of a person is done by
comparing the template created by imaging his/her iris to templates stored in data
base.
Gabor wavelets is a conventional method for iris recognition. The
representation of the iris signals by extracting efficient feature vectors was
successfully done by Bae, Noh, and Kim (2003) who used ICA to get the needful
done. The extracted vectors, which are mixing coefficients of ICs, were found similar
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in behavior to the Gabor wavelets. Each of the iris feature vector is encoded into an
iris code. The ICA outdone the Gabor wavelets on the grounds of size of an iris code
and processing time. The ICA showed its supremacy by making it possible in
estimating linear transformation for feature extraction from iris signals themselves.
Y. Wang and Han (2005) presented a technique for iris recognition based on
ICA. The process of iris recognition is composed of three parts namely image
preprocessing, feature extraction and classification. To completely understand iris
localization, normalization and enhancement, a multiscale approach in image
processing based on three steps was used. ICA was employed for iris feature
extraction.
Shi and Gu (2010) compared the feature extraction algorithm based on PCA,
ICA and Gabor wavelets for a compact iris code. It was concluded that in case of low
noise, PCA and ICA should be considered for iris recognition.
2.4.2.3 Palm Print Recognition. Palm print recognition is considered as a
significant technique of biometric security system. It is one of the most reliable and
successful identification methods. Palm print has a lot of texture information so it has
a great potential to recognize a person. The image of palm print is also stored in the
form of a bitmap or pixmap. The data is preprocessed by ROI (Region of Interest)
extraction. The part of the image that is desired to be filtered to perform some
procedure is called ROI. An ROI is defined by creating a binary image of size same to
the image that is desired to be processed with pixels assigning 1 to ROI and 0 to all
other pixels. Feature extraction by ICA or any other technique is then done on ROI
image. After that selected palm print is compared with the database of palm prints.
Connie, Teoh, Goh, and Ngo (2003) applied PCA and ICA to extract the palm
print texture features. Two different structures were used for this purpose. The first
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one treated observed images as random variables and the pixels as outcomes while in
the second one, pixels are taken as random variables and the images as outcome. The
second framework was proved best to identify palm prints.
Connie, Jin, Ong, and Ling (2005) proposed an automated palm print
recognition system. PCA, Fischer Discriminant Analysis (FDA) and ICA were used
for the feature extraction from the ROI images.
Dai (2013) presented a palm print recognition technique based on Bidimensional Empirical Mode Decomposition (BEMD) and integrated with Least
Squares Support Vector Machine (LS-SVM). First, BEMD was applied to decompose
the preprocessed palm print image into a group of intrinsic mode function and then a
fast fixed-point algorithm of ICA was carried out to extract the palm print feature
subspaces of intrinsic mode function sub images matrix, before which PCA was used
to decrease the dimensions of input images matrix.
2.4.3 Revealing Hidden Factors in Financial Data
Financial time series is the data on asset valuation as a function of time and
usually includes but not limited to stock market index values, currency exchange
rates, electricity prices, interest rates etc. Financial time series is affected by some
underlying factors like news (good or bad), government interference, natural or
artificial disasters, political upheaval etc. These underlying factors affect the volatility
of time series. ICA can be applied to discover these underlying or hidden components
and to remove the noise.
The daily stock data of 28 largest Japanese companies trading in Japan were
handled through ICA by Back and Weigend (1997) in an attempt to extracting hidden
features. They reported that ICA performed much better than rival technique PCA.
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ICA was applied by Kiviluoto and Oja (1998) to determine the factors
influencing the cash flow of 40 stores in some retail chain. They found holidays,
seasons, strategies of the rivals as the main factors affecting the cash flow.
Forex rates were forecasted by Oja, Kiviluoto, and Malaroiu (2000) who used
ICA for the purpose. The mixing matrix and ICs were estimated from the time series
data. Linear and nonlinear smoothing techniques were used to take care of the noise.
The ICs were calculated from the noise-free data using autoregressive (AR) model.
Finally, they combined the predictions of each smoothed IC by using mixing matrix
and thus obtained the predictions for the original observed time series.
ICA was applied in an intertemporal GARCH context by Wu, Yu, and Li
(2006), in high frequency analysis by Kouontchou and Maillet (2007), and in risk
management by Chen , Härdle, and Spokoiny (2010).
Lu (2010) proposed to first use ICA on the forecasting variables to generate
the independent components (ICs). After identifying and removing the ICs containing
the noise, the rest of the ICs are then used to reconstruct the forecasting variables. The
reconstructed forecasting variables will contain less noise information and are served
as the input variables of the neural network model to build the forecasting model.
A Time Varying ICA (TVICA) was proposed by Chen, Chen, Chen, and
Härdle (2014). The main idea is to apply ICA with change over time.
All these works present a very pleasant performance of the technique of ICA
with applications to financial data.
2.4.4 Speech Recognition
ICA is a famous approach to recognize speech signals. Speech recognition is
often confused with voice recognition. Speech recognition gives importance to spoken
word and depends upon language but voice recognition ignores language and meaning
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to identify the speaker. Speech recognition is a procedure that grasps spoken words
using a microphone or telephone and converts them into a digitally stored set of
words. Audio signals are taken as input for speech recognition. The audio signals are
processed by segregating the segments of sound that are speech. After this these
segments are converted into numeric values that identify vocal sound in signals. The
mixed noise can be removed by using ICA or any other technique.
Another application of ICA on mutually independent source signals was done
by Hyvärinen and Oja (2000) where no prior knowledge of mixing coefficients is
required rather they are estimated from the observed data.
Signal to Noise Ratio (SNR), a measure to assess the quality of the speech
signals, is sometimes used. Li and Sun (2007) demonstrated that the ratio can be
improved if ICA is employed.
Traditional ICA is only capable to overcome the problem when the number of
signals is larger than or equal to the number of sources. When there is only one sensor
at the receiver end, the problem of Single Channel Independent Component Analysis
(SCICA) arises. M. E. Davies and James (2007) addressed the problem of SCICA.
Because SCICA is the extreme case of underdetermined problem, traditional ICA of
multi-dimension becomes incompetent. An approach combining Empirical Mode
Decomposition (EMD) and ICA is proposed by Mijović, Vos, Gligorijević, Taelman,
and Huffel (2010), which attempts to deal with the SCICA problems. This approach is
described as EMD-ICA.
Although ICA is an excellent technique for speech recognition but when noise
or echo is high, ICA outputs include strong residual components or noise. Kolossa,
Astudillo, Hoffmann, and Orglmeister (2010) proposed to apply nonlinear postprocessing to ICA outputs to reduce remaining noise. It was shown that multiple
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overlapping speech signals by applying nonlinear post-processing together with
uncertainty-based decoding techniques can improve identification of multiple
overlapping speech signals.
After a comprehensive review of literature, three areas are addressed in the
current research:
i.

How to order the ICs?

ii.

Number of ICs to be retained.

iii.

ICA based identification of clusters.

A new method to order ICs based upon regression approach is proposed.
In the above cited literature, G. Wang et al. (2006) proposed that the ICA
models be built consecutively (i.e. the models may be based on from 1 to A ICs) and
the model corresponding to a minimum RSS (residual sum of square) is optimal, after
comparing RSS,

a new method to decide upon the number of ICs to be

retained is proposed.
Most of the above cited proposed techniques to identify clusters are based
upon loadings or estimated mixing coefficients of dominant ICs. The contribution of
rest of the estimated mixing coefficients is ignored in those techniques. We will try to
propose some new techniques to identify clusters using the entire estimated mixing
coefficient.
All of the suggested proposed methods are applied on financial time series of KSE
100 index.

CHAPTER 3—ADVANCEMENTS IN ICA
This chapter presents a detailed process of construction of ICs with application
on financial time series. The original series are reconstructed using dominant ICs.
Some new methods to rank ICs and to determine the number of ICs to be retained in
the model are also presented.
3.1 Generic Process for the Construction of ICs
3.1.1 Preprocessing
PCA is used as a preprocessing tool to whiten the data before applying any of
the three algorithms (discussed ahead) to the so whitened data to construct ICs. At
first PCs are computed and then each PC is standardized i.e. a linear transformation
of

is obtained, such that the new matrix

has zero mean vector and identity

covariance matrix.
The PCs are then rotated. All possible rotations are attempted and we go for
one which induces optimal properties into the resulting ICs.
3.1.2 Algorithms to Construct ICs
As has already been discussed in Chapters 1 and 2, there are numerous
approaches to estimate ICs and unmixing matrix such as maximization of nonGaussianity, information theoretic measures, maximum likelihood estimation method
and tensor based methods. Various algorithms have been introduced in the literature
to construct ICs based upon any one or a blend of several of the above-mentioned
approaches. We selected three of the existing algorithms namely JADE (Cardoso &
Souloumiac, 1993), SOBI (A. Belouchrani, K. A. Meraim, J. F. Cardoso, & E.
Moulines, 1997), and FastICA (Hyvärinen & Oja, 1997) and (Hyvärinen, 1999a) to
compute ICs in the current research. The choice is in line with the existing
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applications available in the literature. Moreover, JADE, most commonly used and
most resource hungry algorithm, was selected to demonstrate the strength of
computing capabilities available to the researcher and her skills in the area.
3.1.2.1 JADE. JADE is a Higher Order Statistic (HOS) based algorithm. It is
based upon the principle of solving the problem of equal Eigen values of the cumulant
tensor. JADE is computationally very efficient technique for the blind estimation of
directional vectors based on joint diagonalization of fourth order cumulant matrices.
JADE is a competitor of FastICA (discussed ahead) with low dimensional data.
Two or more random vectors are considered independent if their crosscumulants of order higher than two are equal to zero. In practice, it is sufficient to
consider fourth-order cumulant alone, which is defined as:

Cum4 (ait , a jt , akt , alt )  E(ait a jt akt alt )  E(ait a jt ) E(akt alt ) 
E(ait akt ) E(a jt alt )  E(ait alt ) E(a jt akt ) (3.1)
, the fourth-order cumulant tensor associated to , is an
for any

matrix, its

from the space of

matrix such that,

element is given by the following linear operator
matrices to itself:

(3.2)

Thus, the latent common factors will be maximally independent if the fourth
order cumulant tensor associated to , that is denoted by

is as diagonal as

possible. Cardoso and Souloumiac (1993) showed that given a set of
there exists an orthogonal transformation , such that the matrices
are approximately diagonal.
The JADE algorithm consists of the following steps:

matrices,
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Step 1. Transform

to , such that

has zero-mean vector and identity covariance

matrix i.e. whitening of data.
Step 2. Fix the maximal set of matrices,

and estimate the

corresponding fourth-order cumulant tensor,
Step 3. Jointly diagonalize the set

.

by a unitary matrix

.

Step 4. Estimate the components using the relation
3.1.2.2 FastICA. Fast ICA (Hyvärinen, 1999a; Hyvärinen & Oja, 1997) is a
HOS data based algorithm which uses distribution characteristics of data to perform
separation. This approach makes it insensitive to data point shuffling and robust to
additive Gaussian noise at the cost of temporal information loss.
FastICA uses the criteria of maximization of non Gaussianity to achieve
independence. It enables the identification of sub-Gaussian and super-Gaussian
sources.
The mixing matrix

is found so that the components of

Gaussian. FastICA estimates the components,

are maximally non-

, either by maximizing the kurtosis or

minimizing the mutual information.
The kurtosis is defined as:
(3.3)
That is the fourth moment of the standardized component

. Whereas the

negentropy is defined as:
(3.4)
where

denotes entropy of a random variable and

the same correlation matrix as of

is a Gaussian vector of

. Because Gaussian variables have the largest

entropy among all random variables of given variance and the reverse entropy, called
negentropy, approaches zero.
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The mutual information between the

components of

is defined as:
(3.5)

The mutual information is equivalent to the KL divergence between the joint
probability function of
density functions,

and the product of the marginal
. That is the minimum information is always non-

negative, and is zero if and only if

are statistically independent. Therefore,

the mutual information takes into account the whole dependence structure of the data.
The FastICA algorithm consists of the following steps:
Step 1. Transform

to , such that

has zero-mean and identity covariance matrix

i.e. whitening of the data.
Step 2. Choose an initial orthogonal matrix

(Several options are available in the

literature to choose from).
Step 3. Update the matrix

in a way that maximizes the kurtosis or the negentropy

of .
Step 4. Estimate the factors using the relation
3.1.2.3 SOBI. This algorithm is based upon Second Order Statistic (SOS).
SOS statistic-based algorithms use time-frequency information to perform the
decomposition. SOBI achieves BSS by an approximate joint diagonalization of time
delayed covariance matrices.
The ICs can be estimated by utilizing the temporal structure of

which is the vector

of time dependent data. The rule to separate the underlying common components is
that their cross-correlations are equal to zero. The statistical independence of

is

measured in terms of the non-diagonality of a set of time delayed covariance matrices
. The autocovariance of

is used to estimate the hidden components.
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SOBI estimates the components by making the cross-correlation terms (in the
autocovariance matrix) zero i.e.
(3.6)
The statistical independence of

is measured by the off-diagonal elements of the

time delayed covariance matrices

.

The ICA model with random noise

is given by
(3.7)

If we define

, we have
(3.8)

The superscript

denotes the complex conjugate transpose of the matrix.

Rewriting the ICA model in terms of

we have
(3.9)

and, therefore
(3.10)
where
(3.11)
is an r x r matrix.
As
where

in principle is diagonal, all the covariance matrices

have the same ,

is an orthogonal matrix ( is the whitening matrix).

Thus the optimization problem reduces to minimize

(3.12)

where

indicates off-diagonal elements of a matrix. A. Belouchrani et al.

(1997) showed that this problem has unique solution if there exist two different
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components that have different autocovariances for at least one time-lag, and
resultantly a unique joint diagonalizer exists.
The SOBI algorithm consists of the following steps:
Step 1. Transform

to , such that

has zero-mean vector and identity covariance

matrix.
Step 2. Fix the set of time lags,
Step 3. Compute

, and estimate

as the solution to the joint diagonalization problem of
.

Step 4. Estimate the components using the relation

.

Main features of the JADE, FastICA and SOBI algorithm are summarized in
Table 3.1.
Table 3.1
Main features of the algorithms used in the research to extract ICs
1

Algorithm
JADE

Type
HOS based

Approach
Non-Gaussianity

2

FastICA

HOS data
based

Non-Gaussianity

3

SOBI

SOS based

Temporal dependence

Characteristics
 Very efficient for low
dimensional data set.
 Does not take into account
the temporal structure of the
data.
 Not efficient in high
dimensional problems
because of its computational
complexity.
 Computationally very fast
 Does not take into account
the temporal structure of
data
 Not robust if criteria to
measure non-Gaussianity is
kurtosis
 Time delayed covariance
matrices of the estimated
ICs are most close to
diagonal.
 Silent on selection of the
order of autocovariance.

43

3.2 Data: Selection, Cleaning, and Organization
3.2.1 Availability
The data on 161 companies listed in Karachi Stock Exchange of Pakistan was
selected to be used for the various analyses performed in the thesis. Daily data of each
of the listed companies was sought for the entire period of availability. Opening,
closing, low and high rates as well as trading volume were desired to be made
available along with the corresponding date.
3.2.2 Associated Problems and Solutions Thereof
Although the desired data was available on the official website of the Karachi
Stock Exchange (KSE) but the availability was restricted to a particular calendar
month of a given year. So practically mere downloading the data was nothing less
than a nightmare. Once the data got downloaded in MS Excel format, it was required
to get assembled in a time series format. Doing this initially appeared something next
to impossible as manual manipulation was extremely difficult, tiring, time consuming,
and prone to sever errors. But thanks to the Visual Basic Applications (VBA) built-in
to MS Excel to enable us write macros to automate tiring repetitive tasks like the one
under consideration. The MS Excel’s macro (Macro-1) was used to put different
worksheets available in different workbooks within the same folder in the designated
workbook as separate worksheet. Available computational powers and capabilities of
the MS Excel made us run the macro on subsets of the workbooks as handing all of
them at the same time was not possible. This exercise made us have all the worksheets
within a workbook. Now we used another macro (Macro-2) which stacked the data of
all the companies available on various worksheets one after the other. We started
concentrating on the worksheet we just obtained which had well over half a million
cases.
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While capturing the data it was revealed that the period of availability was not
same for different companies. It was further noted that the common period of
availability for most of the companies was around year 2000 to year 2012.
3.2.3

Some Special Concerns
The data had few typical problems which deserved due attention before we

could proceed. Those were:
1. The periods of availability for different companies were not same.
2. Observations were missing for known and unknown reasons. The known
reasons were public holidays on accounts of scheduled festivals etc. and for
spontaneous public holidays, for example on account of strikes, agitation, and
celebration of an event which just popped up. The observations were missed
just for nothing as it could either not be recorded, entered, uploaded or
whatever.
3. Some companies– like Attock Petroleum Limited and Mezan Balanced Fund
etc.– were incepted sometime during the period or ceases to exist – like
Chenab Textile Mills and Maqbool Company Limited etc. Some companies–
Like Atlas Bank Limited and Summit Bank Limited etc. – got restructured i.e.
gone merged or demerged during the period.
3.2.4

Automated Solutions to the Special Concerns
To overcome the problem we needed to select a subset of companies which

remained in business during a certain period– which was subsequently identified as
from June 11, 2004 to February 15, 2012– and their data was available for the entire
period. The next essential task was to fill the gaps in the data which came from non
availability of the data because of one reason or other. Technically the closing rate of
the last working day of a typical week prevails till the first working day of the

45

following week. That is for a five days’ week, Fridays’ (closing) rate of week W1
prevails till Monday morning of the week W2. Keeping the scheme in mind we filled
gaps of data with the last available figure. As doing the manipulation manually was
impossible we wrote macro (Macro-3) to get the job done. The macro inserts all
missing dates without considering if it is required to be ultimately retained or not. It
repeats the last available rate before every gap to all dates inserted to fill the gap. This
is how we obtain a series without any gap. The macro then identifies days of week
and deletes dates corresponding to Saturdays and Sundays. This provides us a series
duly mended appropriately and ready to be analyzed. We initially decided to
concentrate on closing rates only.
Another macro (Macro-4) splits the series company wise. That is it produces a
row of closing rates of various companies for every given date. The rectangular
arrangement thus obtained helped us choose companies and date range for the
analysis. We picked closing rates of 161 companies over the period June 11, 2004 to
February 15, 2012. That is a matrix of 161 columns and 2004 rows is prepared for
further analysis.
3.2.5 Transformation of the Non-Stationary Stock Prices to Stock Returns
Like most time series analytical approaches, ICA requires the observed
variables to be stationary. In this research, we transformed the non-stationary stock
prices

, to stock returns defined ahead.
The rates of change of a price series are called returns. The price series do not

typically fluctuate around a constant level but the returns’ series often looks
stationary. Thus, in many applications the returns’ series are used instead of price
series.
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Let the matrix of closing rates of 161 companies at 2004 time points is given
by
(3.13)
or
(3.14)

where

is a row vector of order 2004 (closing rates for

company at 2004 time

points)
Let

be the

transformed series then
(3.15)

This is the first difference of the log price series, and is sometimes also called the log
return, describing geometric growth as opposed to arithmetic growth which is least
common.
The matrix of transformed series is
(3.16)
or
(3.17)

3.3 Real Run on the Data
3.3.1 The Data
The data, as explained in section 3.2 is used in the analysis. The companies are
listed alphabetically. To give a feel of the actual data first five companies’ data
(alphabetically) is portrayed as Figure 3.1.
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The returns for the same five companies are depicted as Figure 3.2. These
returns have been obtained using the relation (3.15). The stationarity of the series is
clearly visible when Figure 3.2 is contrasted with Figure 3.1. The series in Figure 3.2

AGIC

ADOS

ADMM

ACPL

ABOT

is mostly a horizontal band showing no significant change in mean and variance.

Dates

Figure 3.1: Depiction of the Daily Closing Rates over the period 1-06-2004 to 15-02-

AGIC

ADOS

ADMM

ACPL

ABOT

2012

Dates

Figure 3.2: Depiction of the Returns over the period 04-06-2004 to 15-02-2012.
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3.3.1 Construction of ICs
Before the computation of ICs, the kurtoses of the 161series are computed to
test the normality of each individual series. The results, which are displayed in the
Appendix B, show that the data is far away from normality. Since the dataset is nonGaussian distributed, it is reasonable to apply ICA to extract the interesting features
from the data.
Let the original data matrix (returns) is
(3.18)

(3.19)
or

where

is a row vector of order 2003.
The ICs were calculated using three algorithms namely JADE (Cardoso,

2005), FastICA (Hyvärinen, Gävert, Hurri, & Särelä, 2005), and SOBI (Belouchrani
& Cichocki).

All computations of ICs are performed using MATLAB 7.8.0

(R2009a).
The matrix of estimated ICs is
(3.20)
(3.21)
or

The first five ICs from each of the algorithms without giving any regard to their order
are represented in Figure 3.3, Figure 3.4, and Figure 3.5 respectively.

IC-5

IC-4

IC-3

IC-2

IC-1
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Dates

IC-5

IC-4

IC-3

IC-2

IC-1

Figure 3.3: First Five ICs Computed (Case of JADE)

Date

IC-5

IC-4

IC-3

IC-2

IC-1

Figure 3.4: First Five ICs computed (Case of FastICA)

Dates

Figure 3.5: First Five ICs computed (Case of SOBI)
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And the estimated mixing matrix is given as
(3.22)
(3.23)
or

3.3.2 Ordering the ICs: Regression Based Ordering Method
Several ordering procedures have been discussed in the literature. Few of
those have been reviewed in Chapter 2. On the basis of the points raised in the critical
review a new method is being presented which we termed as “Regression Based
Ordering of ICs”.
The data specific step-by-step procedural detail of the method to order ICs for the
series using regression based method is given below:
i.

Regress the

transformed series on ICs i.e.

on

and obtain the

regression coefficients.
ii.

Select

(

row of the estimated mixing matrix) consisting of 161 elements

or mixing coefficients
iii.

.

Compute the absolute difference of first regression coefficient and all the 161
mixing coefficients of

row of mixing matrix. Select that mixing coefficient

as first mixing coefficient in order which is closest to the first regression
coefficient i.e. having the minimum absolute difference. Select the respective
as first vector of ICs

. Now compare the second regression coefficient

with remaining 160 mixing coefficient and select that mixing coefficient as the
second mixing coefficient in order which is closest to the second regression
coefficient. Select the respective

from the remaining 160

as second IC in

51

order. Repeat the process to order all the mixing coefficients and ICs for the
series of closing rates.
3.3.3 Weighted ICs
The matrix of estimated ICs with rows ordered using the above process is
(3.24)
(3.25)
or

Where

=

is a row vector of order

The

in superscript shows ordered.

The mixing matrix with ordered rows is given as
(3.26)
(3.27)
or

is a row vector of order

. The

in superscript shows ordered.

The calculation of weighted ICs is in line with the procedure given by Back and
Weigend (1997). For the
(a scalar quantity) to vector
matrix of weighted ICs for

company weighted ICs are computed by multiplying
,

to

and so on for every

. The

company thus
(3.28)

Figures 3.6, 3.7 and 3.8 represent the first five dominant weighted ICs for
alphabetically first company ABOT using each of the JADE, FastICA and SOBI
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algorithms. Here weights are given by first row of the mixing matrix which

IC-5

IC-4

IC-3

IC-2

IC-1

corresponds to company ABOT.

Dates

IC-5

IC-4

IC-3

IC-2

IC-1

Figure 3.6: First Five Dominant Weighted ICs for Company ABOT JADE)

Dates

IC-5

IC-4

IC-3

IC-2

IC-1

Figure 3.7: First Five Dominant Weighted ICs for Company ABOT (JADE)

Dates

Figure 3.8: First Five Dominant Weighted ICs for Company ABOT (SOBI)
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3.3.4 Reconstruction of the Series
The original series can be reconstructed without loss if all ICs are used in the
process. This practice is useless as it does not add any value. Number of ICs used in
the reconstruction should necessarily be lower than total (161 in this case). In the
absence of any final method of deciding number of ICs to be retained and used in the
reconstruction, it is done at nine arbitrary cut-off points as 10(10)90 percent that is
16(16)144. For possible generalization if the number of retained ICs is denoted by ‘l’
then and possible values of l at nine retention levels will be
retention level i.e. at

, the first 16 elements of the

. At 10%
column of ICs are

cumulated to form Cumulative IC at time for company . Thus for the
at retention level l, and at time t, the

company,

cumulative IC is computed as:
(3.29)

Let

be the matrix of reconstructed series of closing rates of 161 companies

of KSE each having 2004 observations then for a given retention level and at time ,
the reconstructed series of closing rates is given by:
(3.30)
is required to proceed any further which is borrowed as the starting point from the
original series. If we are talking about ABOT (

) it is 140.35.

3.3.5 Deciding Number of ICs to Be Retained
How many ICs may be used effectively to reconstruct the original series
without unbearable loss is the million dollar question. The use of ICA as dimension
reduction technique seeks answer to the question.
Available methods are reviewed in Chapter 2. Here we are presenting an
innovative approach which relies on adjusted coefficient of determination (

. That
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is some adjustments are made to common statistical measure

which summarizes

how close the original data points are to the fitted regression line. It is also known as
the coefficient of determination, or the coefficient of multiple determination for
multiple regression.

is defined as the percentage of the variation of response

variable that is explained by a linear model or
ESS TSS  RSS
RSS

1 
TSS
TSS
TSS
So we can safely say that RSS and
depict the same thing. The main problems with
R2 

are
i.

Every time when a predictor is added to a model, the

increases, even if it is

due to the chance alone. It never decreases. Consequently, a model with more
terms may come out to have a better fit simply because it has more terms.
ii.

In a model with too many predictors and higher order polynomials,

starts

modelling the random noise in the data. This is the condition of overfitting the
model and it provides the misleadingly high

values and less ability to make

predictions.
The

compares the explanatory power of regression models that contain

different numbers of predictors. It is a modified version of
for the number of predictors in the model. The

that has been adjusted

increases only if the new term

improves the model more than it would be expected by chance. It decreases when a
predictor improves the model by less than expected by chance. In a sense the
induces a toxic effect for too many (undue) terms by getting itself decreased as soon
as the number of terms crosses a threshold so it provides a sort of protection against
over fitting.
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In the proposed procedure we use original series as original data points and
reconstructed series as fitted points and their difference as error. We need to
summarize how close the original and reconstructed series are. The

is used for the

purpose where different reconstructions are compared using this summary.
As mentioned above, the reconstruction of original series is done in nine
different ways i.e. using 10(10)90 percent of ICs for the purpose. Each of the
reconstructed series is then compared with the original series and
thus have nine values of
nine

is calculated. We

for every company. For a given company, say ABOT,

are available. We plotted these values against number of ICs used for the

reconstruction. The procedure is replicated for each of construction algorithm namely
JADE, FastICA, and SOBI. We analyzed

in

layouts. One such layout is presented as Figure 3.9 where reconstruction through
JADE algorithm is discussed. Two more layouts namely Figures 3.10 and 3.11
presents similar results for FastICA and SOBI algorithms.
Cost effectiveness of additional ICs to be included in reconstruction process is
gauged by checking corresponding marginal improvement in the respective value of
. If inclusion of further ICs is not contributing enough in the improvement in the
value of

then further inclusion may be stopped. To visualize the impact at a glance

each of the Figures 3.9 to 3.11 is observed.
For Figure 3.9 it is found that for company ABOT the cut-off point falls near
50%. The cut-off points obtained in this manner are summarized as Table 3.2.
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0
ABOT

1.0

50

100

AGTL

BWHL

1.0

0.8

1.00

0.8
0.95

0.6

0.6

0.4

0.4

0.2

0.2

DFML

1.0

0.8

50

EFUG

1.00

0.9

0

0.90
DGKC

1.0

0.99

0.9

0.98

0.8

0.97

0.7

0.96

0.6

100

0

50

100

Retention

Figure 3.9:

as Function of Retention Level (Case of JADE)

0
ABOT

50

100

AGTL

1.00

1.0

0.95

0.9

0.90

0.8

0.85

0.7

BWHL
1.0

0.9

0.80

0.6

DFML

1.00

0.8

EFUG

1.00

DGKC

1.00
0.95

0.95

0.95

0.90

0.90

0.90
0.85
0.80

0.85

0.85
0

50

100

0

50

100

Retention

Figure 3.10:

as Function of Retention Level (Case of FastICA)
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as Function of Retention Level (Case of SOBI)
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Table 3.2
Retention Levels for Six Randomly Selected Companies Using JADE, FastICA and
SOBI Algorithm.

ABOT

50%

Retention Level
FastICA
70%

AGTL

70%

60%

70%

BWHL

30%

40%

70%

DFML

60%

60%

50%

EFUG

60%

40%

30%

DGKC

40%

60%

70%

Company
JADE

SOBI
70%

Table 3.2 gives an average for JADE algorithm close to 55%, for FastICA
approximately 54%, and for SOBI it is about 60%. Overall average of three
algorithms for six companies portrayed above is 56%. The overall average for all 161
companies for three algorithms gives a percentage close to 50. So a cut-off point is
chosen at this percentage namely use 80 ICs for reconstruction purposes gives
satisfactory reconstruction.
3.4 Analysis of Reconstructed Series
The number of ICs to be used for reconstruction purposes was discussed in the
section 3.3.4 where a cut-off point at 80 ICs was obtained. The 80 dominant ICs were
used to reconstruct the closing rates for each of the 161 companies where ICs were
calculated using each of the three algorithms namely JADE, FastICA, and SOBI. The
dominance is judged by the way ICs are ordered. We proposed a new way to order
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ICs in section 3.3.2. There exist some ordering methods in the literature. One popular
method is called

norm validated by Back and Weigend (1997).

For comparison we have three series for each company namely original series,
reconstructed series using proposed retention level from amongst ICs ordered using
norm method, and reconstructed series using proposed retention level from
amongst ICs ordered using proposed method of ordering.
Figure 3.13 shows the three series for company ABOT of the three algorithms used

SOBI

FastICA

JADE

for ICA.

Dates

Figure 3.14: Original (Black) and Reconstructed Series for the Company ABOT
Using Existing (Green) and Proposed (Red) Ordering Scheme in Case of
JADE, FastICA and SOBI Algorithm.
Supremacy of the proposed method over existing one (

norm) can be

clearly seen. It can be observed that the graphs of original and reconstructed prices
using proposed ordering technique are very close to each other when ICs are
constructed using JADE and Fast ICA algorithms. The performances of existing and
proposed ordering techniques are almost same when ICs are computed by SOBI
algorithm.
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It can be safely said that after accommodating the suggested modifications the
ICA’s application in the area of dimension reduction has gone improved which is
evident from the above demonstration.

CHAPTER 4— ICA BASED IDENTIFICATION OF CLUSTERS
This chapter investigates the possibility and benefits of applying ICA for
clustering. The same financial time series data of KSE is used for demonstration
purposes.
4.1Clustering
Clustering, as a dimension reduction technique, is quite helpful in deciding the
number and structure of the classes as suitable representatives of the data which are
internally maximally homogeneous. The mutually exclusive and collectively
exhaustive classes are termed as clusters. The structure of a given cluster may be
checked for its common usefulness or otherwise. The quality of the clustering scheme
will improve if it produces internally homogenous but externally heterogeneous
clusters of sufficiently large size. The mechanics may produce clusters which differ
from any theoretical division already available for the data.
4.2 New ICA Based Clustering Techniques
As discussed in Chapter-2 most ICA based clustering techniques available in
the literature are based upon loadings or estimated mixing coefficients of dominant
ICs alone and do not take remaining loadings into account. Two ICA based
techniques are being proposed which utilize all of the mixing coefficients.
4.2.1 Adapted Estimated Mixing Coefficients Approach: The First Approach
The proposed technique is based upon all estimated mixing coefficients. This
is how it works:
1. Compute the ICs.
2. Obtain the estimated mixing matrix
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3. Compute the sum of square,

for each row

of

.

4. Reorder the rows (companies) in ascending order of sum of squares.
5. Divide the ordered rows (companies) in equal parts. We divided 161
companies in nine groups of size 16 and tenth group of size 17. Each group is
considered a cluster.
The number of clusters were defined using the rule of thumb given by Mardia, Kent,
and Bibby (1979) . In our case it is
,
where

is the number of clusters and

clusters which was rounded to

is the number of objects. This suggests over 9

.

The approach was applied on the data introduced in section 3.2 and clusters were
identified. The identified clusters are presented in the Table 4.1.
Table 4.1
ICA Based Clusters Using Adapted Estimated Mixing Coefficients Approach
Cluster
No.

Cluster
Size

1

16

2

16

3

16

Companies
HUBC, AGTL, OGDC, GLAXO, FFC, KOHE, NESTLE,
ABOT, SHEL, IBFL, SITC, PSO, PKGS, INDU, HINOON,
GHGL.
FFBL, SIEM, PAKT, PTC, ENGRO, ICI, PSMC, AGIL, CPL,
POL, ACPL, FEROZ, MTL, SEARL, JDWS, LUCK.
BAHL, MEBL, IDYM, NRL, KSBP, GTYR, PAKD, PRL,
ATBA, MCB, SCM, CEPB, MUREB, NBP, FHAM, SEL.
(Continued on next page)
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Table 4.1 (Continued)
Cluster
No.

Cluster
Size

4

16

PNSC, PICT, GADT, ATLH, HINO, GLPL, NML, SHFA,
CSAP, PECO, DGKC, HABSM, BIFO, CLOV, FABL, SAZEW.

5

16

HICL, PCAL, MIRKS, OLPL, PAEL, CHCC, BWHL, ALNRS,
ATRL, MARI, DYNO, INIL, FCCL, HSPI, EFUL, BNWM.

6

16

7

16

8

16

9

16

10

17

Companies

SING, ADOS, CRTM, CENI, BOP, NCL, KOHC, PIOC, HCAR,
RICL, HAL, AGIC, BYCO, EFUG, FECTC, MLCF.
FHBM, KASBB, PIAA, GHNL, REWM, ANL, KESC, FCSC,
DAWH, LOTPTA, SANSM, KTML, SEPCO, GASF, SHSML,
NIB.
CHAS, JOPP, GWLC, FNBM, FDIBL, FUDLM, ADMM,
JOVC, SGML, DSFL, ECOP, JPGL, NATF, DFML, PAKRI,
PSYL.
NICL, KOHP, JSCL, IDRT, MACFL, SAIF, ESBL, PMI,
EMCO, FFLM, DWSM, KOIL, FEM, BGL, DNCC, MZSM.
PNGRS, PTEC, CPMFI, FECM, QUICE, FPJM, SIBL, RAVT,
GENP, MODAM, FRCL, MFTM, HADC, PAKMI, COTT,
AICL, MUKT.

Internal structures of the clusters were analyzed in two ways i.e. by attempting
a comparison with the sectors defined by KSE and by exploring them on their own.
The KSE has defined 33 sectors altogether based on companies’ primary activities.
The 161 selected companies belong to 26 of those sectors. That is if sector is used as
binding element then 26 ‘clusters’ are formed. The number of clusters thus obtained
gets almost triplicate. The internal structure of the so defined ‘clusters’ is presented in
Table 4.2.
Table 4.2
The Sector-wise List of 161 companies
Sr.No.

Companies

1

Sector
Oil and Gas

2

Chemicals

CPL, DAWH, DSFL, DYNO, ENGRO, FFBL, FFC, ICI,
LOTPTA, NICL, SITC.

BYCO, MARI, NRL, OGDC, POL, PRL, PSO, SHEL.
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Table 4.2 (Continued)
Sr.No.
3

Companies
Sector
Forestry (Paper and Board) CEPB.
HSPI, INIL.

4

Industrial metals and
Mining

5

Construction and Materials CHCC, DGKC, DNCC, EMCO, FCCL,
FECTC, FRCL, GWLC, HADC, KOHC,
(Cement)
LUCK, MLCF, PIOC.

6

General Industrials

GHGL, MACFL, PKGS, SIEM.

7

Electronic and Electrical
Goods

PCAL.

8

Engineering

AGTL, HINO, KSBP, MTL, PECO.

9

Industrial Transportation

PNSC.

10

Automobile and Parts

ATBA, ATLH, BWHL, DFML, GHNL,
GTYR, HCAR, INDU, PSMC, SAZEW.

11

Beverages

MUREB.

12

Food Producers

CHAS, CLOV, DWSM, HABSM, HAL,
JDWS, MIRKS, MZSM, NATF, NESTLE,
PNGRS, QUICE, SANSM, SGML, SHSML.

13

Household Goods

PAEL, SING.

14

Personal Goods (Textile)

ANL, BNWM, COTT, CRTM, GADT,
GLPL, IBFL, IDRT, IDYM, KOIL, KTML,
LOTPTA, MFTM, MUKT, NCL, NML,
PSYL, RAVT, REWM, SAIF.

15

Tobacco

PAKT.

16

Health Care Equipment
and Services

SHFA.

17

Pharma and Bio Tech

FEROZ, GLAXO, HINOON, SEARL.

18

Travel and Leisure

PIAA .

19

Fixed Line
Telecommunication

PTC.

20

Electricity

HUBC, JPGL, KESC, KOHE, KOHP, SEL,
SEPCO.

21

Commercial Banks

BOP, ESBL, FABL, FDIBL, KASBB, MCB,
MEBL, NBP, NIB.

22

Non Life Insurance

AICL, CENI, EFUG, HICL, PAKRI, RICL.

23

Life Insurance

EFUL.

24

Financial Services

FCSC, FECM, JOVC, JSCL, OLPL, SIBL.
(Continued on next page)
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Table 4.2 (Continued)
Sr.No.
25

26

Sector
Equity Investment
Instruments

Companies

Technology Hardware
and Equipment

PTEC.

FFLM, FHAM, FHBM, FPJM, FUDLM,
GASF, FNBM, MODAM, PAKMI, PMI,
SCM.

From the information available in Tables 4.1 and 4.2 it can be extracted that five
sectors namely Commercial Banks, Non-life Insurance, Life Insurance, Financial
Services, and Equity Investment Instruments are moving together and form a group
which we term as “Money and Bank” group.
If individual clusters of Table 4.1 are discussed then it is apparent that six
companies from Oil and Gas Sector and Pharma and Bio-Tech Sector are combined
in cluster1. Cluster 2 has a majority of companies from Chemicals Sector. Cluster 3
has six companies from Money and Bank Group. About half of the companies from
Industrial Metal and Mining sector are part of cluster 4. Four companies from sector
General Industries are gathered in cluster 6. Cluster 7 is comprised of 5 companies
from Money and Bank Group. Remaining clusters do not exhibit any such pattern.
The comparison shows that the already defined sectors cannot be used as
clusters. The discrepancy can be justified on the ground that the closing rates of the
company do not follow a pattern governed by sectors rather they play their role
independently. The stock market is based on perspicacity, which has become even
more important in modern time because of on-line trading. Due to this, a lot of
inexperienced day-traders have moved towards the stock market trading for example,
HINO is classified by KSE in the engineering sector because it earns largest portion
of its revenue from this sector. If most of the investors recognize HINO as part of
Automobile and Parts sector then its price fluctuation will follow the behavior of
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Automobile and Parts group. Clustering could also be very helpful in analyzing the
time series of a group including several stocks. The behavior of an investment group
is not necessarily determined by the stock that makes up the largest monetary share of
the investment. Clustering the stock data could identify which groups have the
greatest influence on the portfolio. It is difficult to identify cluster of stocks as their
appropriate sectors because of the uncertain behavior of some stocks.
Thus clustering should not be confused with pre-defined grouping whatsoever.
Exploration of the internal structure of clusters on their own is thoroughly discussed
in section 4.3.
4.2.2 Ranked

Approach: The Second Approach

This approach is based upon following steps:
1. Reconstruct the series for each company following the procedure described in
Chapter 3 using each of the nine retention levels namely retaining 10(10)90
percent of 161 ICs i.e. we have nine series for each company.
2. Using the procedure defined in Chapter 3, compute

at each of the above-

said nine threshold levels for each company.
3. Rank these nine values of

in ascending order for each company.

4. Check ranking patterns of the all companies to find similarities. Form clusters
of the companies with similar patterns. This automatically defines the number
as well as internal structure of the cluster.
When the procedure is applied on the KSE data following clusters were
identified. As three algorithms have been used for the construction of ICs the results
have been put in three tables namely Tables 4.3, 4.4 and 4.5 for JADE, FastICA, and
SOBI algorithms respectively.
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Table 4.3
ICA Based Clusters Using Ranked
Cluster
No.

Approach (Case:JADE)

Cluster
Size

Companies

1

34

ACPL, ALNRS, BAHL, BNWM, BWHL, CHCC, DAWH,
DGKC, DNCC, DSFL, EFUG, ESBL,FABL, GLAXO, GTYR,
HINO, HINOON, HUBC, IDRT, JDWS, KESC, KOIL, LUCK,
MARI, MFTM, MIRKS, MLCF, MODAM, MUKT, OGDC,
PAEL, PIAA, SAIF, SCM.

2

12

ATBA, BGL, GADT, GLPL, JOPP, JSCL, KASBB, NESTLE,
OLPL, PAKMI, PAKT, PSO.

3

11

AGIC, CPL, FPJM, IBFL, ICI, IDYM, PAKRI, PKGS, RICL,
SAZEW, SEPCO.

4

9

ATLH, CLOV, EFUL, FDIBL, FUDLM, HICL, MUREB,
NATF, SING.

5

6

AGIL, FCCL, GHNL, KOHE, PIOC, SHFA.

6

6

FHAM, KSBP, NCL, SHEL, SIEM, SITC.

7

5

GWLC, HSPI, PAKD, PCAL, SIBL.

8

4

ANL, FECTC, FNBM, PRL.

9

3

ABOT, BYCO, MZSM.

10

3

ADOS, ATRL, ECOP.

11

3

BIFO, MCB, SANSM.

12

3

CPMFI, FEROZ, FHBM.

13

3

ENGRO, FFC, PNGRS.

14

3

GASF, PNSC, SEARL.

15

2

ADMM, CEPB.

16

2

AICL, FFLM.

17

2

CENI, FRCL.
(Continued on next page)
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Table 4.3 (Continued)
Cluster
No.

Cluster
Size

18

2

CHAS, CRTM.

19

2

CSAP, DFML.

20

2

FECM, PMI.

21

2

FEM, NIB.

22

2

PICT, RAVT.

Companies

Table 4.4
ICA Based Clusters Using Ranked
Cluster
No.

Approach (Case: FastICA)

Cluster
Size

Companies

1

39

AGIC, AGTL, ANL, BNWM, CHCC, COTT, DNCC, DWSM,
EFUL, ESBL, FABL, FCCL, FCSC, FECTC, FFLM, FHBM,
GHNL, HCAR, HICL, HINO, HINOON, INIL, JDWS, JSCL,
KASBB, KOHC, LUCK, MARI, MTL, NATF, NBP, PAKRI,
PIAA, PNGRS, POL, PRL, SAZEW, SEARL, SIEM.

2

10

ABOT, AICL, CLOV, DAWH, ICI, IDRT, MIRKS, NESTLE,
OLPL, PSMC.

3

8

ATLH, ATRL, BWHL, DFML, GASF, MCB, MODAM, PTEC.

4

7

CPL, EFUG, FUDLM, JOVC, NCL, PCAL, REWM.

5

6

BAHL, KOHP, KTML, MACFL, SAIF, SANSM.

6

5

GWLC, FNBM, NICL, PAKD, QUICE.

7

4

CENI, KSBP, PICT, SIBL.

8

4

DYNO, ENGRO, IDYM, SHFA.

9

4

FDIBL, FEM, JOPP, PAEL.

10

3

DGKC, JPGL, MUREB.

11

3

FFBL, GLAXO, HADC.

12

3

HSPI, NIB, RICL.

13

2

ACPL, MEBL.
(Continued on next page)
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Table 4.4 (Continued)
Cluster Cluster
No.
Size

Companies

14

2

AGIL, GLPL.

15

2

BYCO, DSFL.

16

2

CEPB, GTYR.

17

2

CHAS, GHGL.

18

2

FPJM, PMI.

19

2

HAL, SEPCO.

20

2

HUBC, PKGS.

21

2

KESC, PSO.

22

2

MLCF, SCM.

Table 4.5
ICA Based Clusters Using Ranked
Cluster Cluster
No.
Size

Approach (Case:SOBI)

Companies

1

5

HUBC, PAKT, PSO, PSYL, SITC.

2

4

AGTL, FECTC, HSPI, NRL.

3

3

ATBA, DGKC, ICI.

4

2

AICL, POL.

5

2

BOP, NML.

6

2

BWHL, NATF.

7

2

EMCO, SAIF.

8

2

GLPL, NBP.

9

2

MIRKS, SANSM.

10

2

PECO, SAZEW.

The approaches identified 22, 22, and 10 clusters for the three algorithms
respectively.
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In case of JADE the first cluster consists of 34 companies of which six belong
to the Money and Bank group whereas one set of five are from Construction and
Material sector, another set of five are from Personal Goods and Textile sector and
remaining 18 companies form smaller groups from other sectors like Food producers,
Auto Mobile and Parts and Chemicals. The first cluster thus takes the shape of a
contrast where inversely related groups of sectors get put together which negate each
other in the sense that the positive behavior of Money and Bank group, for example,
causes negative impact on the Construction and Material sector that is people try to
deposit money in the banks rather than consuming it on Construction and Material.
The rationale visible in this cluster does not persist in the remaining clusters so the
argument cannot be forwarded ahead. Negation to the argument is quite obvious in the
subsequent clusters where in the second cluster, four out of twelve companies belong
to Money and Bank group, two companies are from Automobile and Parts sector.
Similarly four out of eleven companies in third cluster are from Money and Bank
group. Two companies are from Automobile and Parts sector.
In the fourth cluster four out of nine companies belongs to Money and Bank group.
Two are from Food producers sector. Size of the subsequent cluster does not deserve
any discussion so are left un-discussed.
The calculation based upon FastICA produced similar results where in the first
cluster of size 39, ten companies belong to Money and Bank group, six to
Construction and Materials sector, and three to Personal Goods(Textile) sector.
The second cluster of 10 companies does not show good internal structure where three
are from Food Producers sector and two are from Chemical sector whereas remaining
does not form any group.
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Relatively smaller cluster of size 8 is our third cluster where three companies
are from Automobile and Parts sector and two from Money and Bank group.
Seven companies formed the fourth cluster in which three came from Money and
Bank group and two from Personal Goods (Textile) sector.
The clusters identified using ICs computed by SOBI algorithm give a poorer
story. Among the three algorithms SOBI’s results are worst in the sense that too many
clusters of relatively very small size are formed. The largest cluster identified contains
only five companies. That is the whole spirit of clustering is ruined.
On the basis of the above discussion the earlier feeling gets strengthened that
already defined sectors cannot be used as clusters, thus clustering should not be
confused with pre-defined grouping whatsoever.
The next section concentrates on the exploration of the internal structure of
clusters on their own.
4.3 Validity of Clusters
The quality of clustering can be gauged through internal homogeneity and
external heterogeneity of the clusters. Clustering of a financial time-series will be
credible only when the stock prices within a cluster are maximally correlated but
different clusters are minimally correlated.
Various indices are available in the literature to determine the validity of
identified clusters. Two of the popular and fundamental ones are given below.


Calinski–Harabasz Index (CHI) Calinski and Harabasz (1974) introduced
this index to assess the quality of clustering solution by analyzing the
similarity of the objects within each cluster and dissimilarity of different
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clusters. This index is also called Variance Ratio Criterion (VRC). The larger
value of CHI indicates better data partition.


Davies–Bouldin Index (DBI)This index is introduced by D. L. Davies and
Bouldin (1979) and is based on the ratio of within-cluster-distance to betweencluster-distance. The lower value of the index indicates better cluster structure.
The two indices were calculated for each of the three algorithms used to

calculate ICs when ranked

approach was used for clustering. The calculation is

repeated for the case when clustering is done using Adapted estimated mixing
coefficient procedure. The results are tabulated in Table 4.6.
The relative position of each of the index is presented in parenthesis for quick
comparison.
Table 4.6
Validity Indices for Adapted Estimated Mixing Coefficients and Ranked

Clustering

Approach
Validity Index(Ranks)
Clustering Approach
Calinski–Harabasz
Adapted Estimated Mixing Coefficients

Ranked

Davies–Bouldin

44.1597(1)

4.0552(2)

15.6017(2)
12 (3)
11.5935(4)

4.1257(3)
4.2017(4)
2.2707(1)

The two methods awarded ranks 1 and 2 to the Adapted estimated mixing
coefficients so can be regarded as validated by both of the indices.

CHAPTER – 5 CONCLUSIONS
Exploring ICA to make sense of the available mass of data by taking the
interrelationship away and chopping off the less contributing segments and dealing
with fewer dimensions so as the reconstruction of the original series can be based
upon reduced set without loss of salient features of the data was the ultimate target of
the research. The achievement of the objective was addressed from different
directions. A new way was attempted to prioritize the calculated ICs. An innovative
approach to decide upon the number of ICs to be retained was employed. The clusters
were formed in a variety of ways. Internal as well as external structure of clusters was
explored. Compatibility of the clusters was contrasted with the available grouping
mechanisms.
Chapter 2 presents a comprehensive review of the literature regarding
construction, post construction issues, and applications of ICs. ICA as a dimension
reduction technique has not received much attention because this has never been
regarded as the goal of ICA. On the basis of the available literature it is concluded
that following areas are yet to be further explored.


Ranking ICs in terms of significance to separate dominant components from
non-dominant ones.



Determination of number of ICs to be retained and used to reconstruct the
series.



ICA based identification of clusters.
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5.1 Ordering ICs
The detailed process of construction of ICs with application on financial time
series from KSE is presented in Chapter 3. ICs are constructed using JADE, FastICA
and SOBI algorithms.
Decision of the number of ICs to be retained and choice of the ICs to be
retained requires their ordering. A new method for the purpose has been introduced
and successfully demonstrated on the data. The method is based on regression
coefficients obtained by regressing the original series on ICs. The magnitude of these
coefficients and magnitude of the mixing coefficients are compared. The ultimate
order is determined by their compatibility. Using this ordering the closing rates’ series
are reconstructed at nine arbitrary threshold points i.e. 10(10)90% for each company
which resulted in nine reconstructed series for each company. The proposed ordering
and reconstruction is then compared with the ordering and reconstruction done using
norm. The proposed method showed its supremacy over existing one.
5.2 Number of ICs to be Retained
The next issue is to determine the number of dominant ICs to be retained. A
method based on adjusted
measure adjusted

is proposed for the purpose. The common statistical

, which summarizes how close the original data points are to the

fitted regression line, is adapted. In the proposed procedure we use original series as
original data points and reconstructed series as fitted points and their difference as
residual. We need to summarize how close the original and reconstructed series are.
The

is used for the purpose where different reconstructions are compared using

this summary. If inclusion of further ICs is not contributing enough in the
improvement in the value of

then further inclusion may be stopped and a cut-off
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point for the number of ICs to be retained is obtained for each company. The overall
average for all 161 companies for three algorithms gives a percentage close to 50. So
a cut-off point is chosen at this percentage i.e. first 80 ICs are used for reconstruction
purposes which reconstructed the series without loss of significant features of the
original series.
5.3 Cluster Identification
An ICA based identification of clusters has been discussed in Chapter 3.
Clustering, as a dimension reduction technique, is quite helpful in deciding the
number and structure of the classes as suitable representatives of the data which are
internally maximally homogeneous and externally maximally heterogeneous. The
following two clustering methods based upon ICA are proposed:


Adapted estimated mixing coefficients approach



Ranked

approach

The first approach is based upon sum of squares of mixing coefficients. A
similarity threshold is set and then clusters are identified.
In the second approach,

at above said nine threshold levels for each company

are computed and then these nine values of

are arranged in ascending order of

magnitude for each company. Companies with same ranking pattern of

are

identified and considered as cluster. The quality of the clusters is compared using two
validity indices namely Calinski–Harabasz Index and Davies–Bouldin Index. The
Adapted estimated mixing coefficients can be regarded as better approach by both of
the indices.
5.4 Findings
Following are the findings of the current research:
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The regression based method performed much better than the existing one
when ICs are computed using JADE and FastICA algorithms. The
performance of existing and proposed ordering techniques is almost the same
when ICs were computed by SOBI algorithm.



Fifty percent reduction is allowed by the proposed approach while determining
the number of ICs to be retained.



Clustering with Adapted estimated mixing coefficients can be considered
better than clustering with ranked

approach.

5.5 Future Work
Some issues are summarized below that have been raised while working on
the thesis and which can be taken as leads to the future research:


Before applying any of the procedures, due attention may be given to
detection and taking care of outliers if any. The outliers can be handled in two
ways namely by perturbing the data or making the procedures robust.



A formal criterion, fully based on level of independence, may be attempted to
order ICs.



Statistical properties of ICs may be derived from theoretical viewpoint.



A statistical test procedure may be introduced to check the significance,
suitability, and adequacy of the retained ICs.
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APPENDIX A
Symbols of the 161 Selected Companies of KSE with their names
Sr.
1
2
3
4
5
6
7
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9
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11
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13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
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35
36
37
38

Symbol
ABOT
ACPL
ADMM
ADOS
AGIC
AGIL
AGTL
AICL
ALNRS
ANL
ATBA
ATLH
ATRL
BAHL
BGL
BIFO
BNWM
BOP
BWHL
BYCO
CENI
CEPB
CHAS
CHCC
CLOV
COTT
CPL
CPMFI
CRTM
CSAP
DAWH
DFML
DGKC
DNCC
DSFL
DWSM
DYNO
ECOP

Company Name
Abbott Lab.
Attock Cement
Artistic Denim
Ados Pakistan
Ask.Gen.Ins.
Agriautos Ind.
Alghazi Tractors
Adamjee Ins.
Alnoor Sugar
Azgard Nine
Atlas Battery
Atlas Honda Ltd
Attock Refinery
Bank AL-Habib XDXB
Bal.Glass
Biafo Ind.XD
Bannu Woolen
B. O. Punjab
Bal. Wheels
Byco Petroleum
Century Ins.
Century Paper
Chashma Sugar
Cherat Cement
Clover Pakistan
(Colony) Thal
Clariant Pakistan
1st Cap. Mutual Fund
Crescent Textile
Crescent Steel
Dawood Hercules
Dewan Motors
D.G.K.Cement
Dandot Cement
Dewan Salman
Dewan Sugar
Dynea Pakistan
ECOPACK Ltd
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39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76

Symbol
EFUG
EFUL
EMCO
ENGRO
ESBL
FABL
FCCL
FCSC
FDIBL
FECM
FECTC
FEM
FEROZ
FFBL
FFC
FFLM
FHAM
FHBM
FNBM
FPJM
FRCL
FUDLM
GADT
GASF
GENP
GHGL
GHNL
GLAXO
GLPL
GTYR
GWLC
HABSM
HADC
HAL
HCAR
HICL
HINO
HINOON

Company Name
EFU General
EFU Life Assr.
EMCO Industries
Engro Corp.
Escorts Bank
Faysal Bank
Fauji Cement XD
Ist.Capital Sec.Corp
Ist.Dawood Bank
Elite Cap.Mod
Fecto CementXD
Equity Modaraba
Ferozsons (Lab)
Fauji Fert BinXD
Fauji Fert. XD
1st.Fid.Leasing
Habib Modaraba
H.B.L.Mod
Nat.Bank Mod.
Punjab Modaraba
Frontier Ceramics
U.D.L.Modaraba SPOT
Gadoon Textile
Golden Arrow
Genertech Pakistan
Ghani Glass Ltd.
Ghandhara Nissan
GlaxoSmithKline
Gillette Pak
General Tyre
Gharibwal Cement
Habib Sugar XD
Haydery Const
Habib-ADM Ltd.
Honda Atlas Cars
Habib Ins
Hinopak Motor
Highnoon (Lab)
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Sr.
77
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
96
97
98
99
100
101
102
103
104
105
106
107
108
109
110
111
112
113
114
115
116
117
118
119

Symbol
HSPI
HUBC
IBFL
ICI
IDRT
IDYM
INDU
INIL
JDWS
JOPP
JOVC
JPGL
JSCL
KASBB
KESC
KOHC
KOHE
KOHP
KOIL
KSBP
KTML
LOTPTA
LUCK
MACFL
MARI
MCB
MEBL
MFTM
MIRKS
MLCF
MODAM
MTL
MUKT
MUREB
MZSM
NATF
NBP
NCL
NESTLE
NIB
NICL
NINA
NML

Company Name
Huffaz Seamless
Hub Power Co.
Ibrahim Fibres
ICI Pakistan
Idrees Textile
Indus Dyeing
Indus Motor Co.
Int. Ind.Ltd.
J.D.W.Sugar
Johnson & Philips
J.O.V.& CO.
Japan Power
Jah.Sidd. Co.
KASB Bank Ltd.
Karachi Elec.Sup. Co.
Kohat Cement
Kohinoor Energy
Kohinoor Power
Kohinoor Ind.
K.S.B.Pumps
Kohinoor Textile
Lotte Pakistan
Lucky Cement
MACPAC Films
Mari Petroleum
MCB Bank Ltd.
Meezan Bank
Mohd.Farooq
Mirpurkhas
Maple Leaf Cement
Mod.Al-Mali
Millat Tractors
Mukhtar Textile
Murree Brewery
Mirza Sugar
National Foods
National Bank
Nishat (Chunian)
Nestle Pak.
NIB Bank Limited
Nimir Ind.Chem.
Nina Industries
Nishat Mills Ltd

Sr.
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161

Symbol
NRL
OGDC
OLPL
PAEL
PAKD
PAKMI
PAKRI
PAKT
PCAL
PIAA
PICT
PIOC
PKGS
PMI
PNGRS
PNSC
POL
PRL
PSMC
PSO
PSYL
PTC
PTEC
QUICE
RAVT
REWM
RICL
SAIF
SANSM
SAZEW
SCM
SEARL
SEL
SEPCO
SGML
SHEL
SHFA
SHSML
SIBL
SIEM
SING
SITC

Company Name
National Refin
Oil & Gas Devel
Orix Leasing
Pak Elektron Ltd
Pak Datacom
Pak Mod.
Pak Reinsurance
Pak Tobacco
Pakistan Cables
P.I.A.C.(A)
Pak.Int.Cont
Pioneer Cement
Packages Ltd.
Prud Mod.1st
Pangrio Sugar
P.N.S.C.
Pak Oilfields
Pak Refinery
Pak Suzuki Motor
P.S.O.
Pak Synthetics
P.T.C.L.A
Pakistan Telephone
Cables
Quice Food
Ravi Textile
Reliance Weav
Reliance Ins.
Saif Textile
Sanghar Sugar
Sazgar Engineering
Stand.Char. Mod.
The Searle Comp
Sitara Energy
Southern Electric
Shakarganj Mills
Shell Pakistan Ltd.
Shifa Int.Hosp
Shahmurad Sugar
Sec. Inv. Bank
Siemens Pakistan
Singer Pakistan
Sitara Chemical
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APPENDIX B
Kurtosis of Daily Closing Rates of 161 Companies of KSE
for the Period 11-06-200 to 15-02-2012
Sr. No.
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37

Symbol
ABOT
ACPL
ADMM
ADOS
AGIC
AGIL
AGTL
AICL
ALNRS
ANL
ATBA
ATLH
ATRL
BAHL
BGL
BIFO
BNWM
BOP
BWHL
BYCO
CENI
CEPB
CHAS
CHCC
CLOV
COTT
CPL
CPMFI
CRTM
CSAP
DAWH
DFML
DGKC
DNCC
DSFL
DWSM
DYNO

Kurtosis Rank
19.62
49
8.04
107
813.86
3
4.02
133
5.58
123
7.55
110
8.45
104
906.05
2
3.52
137
35.80
27
32.97
30
27.25
39
12.18
77
79.11
13
26.43
41
2.40
148
28.37
35
11.03
84
234.08
7
6.15
119
28.24
36
12.85
72
10.02
91
3.94
134
26.64
40
18.76
50
60.47
18
12.98
70
0.48
161
18.43
52
741.97
5
15.22
63
2.08
149
12.31
76
22.94
42
13.40
69
2.82
140

Sr. No.
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74

Symbol
ECOP
EFUG
EFUL
EMCO
ENGRO
ESBL
FABL
FCCL
FCSC
FDIBL
FECM
FECTC
FEM
FEROZ
FFBL
FFC
FFLM
FHAM
FHBM
FPJM
FRCL
FUDLM
GADT
GASF
GENP
GHGL
GHNL
GLAXO
GLPL
GTYR
GWLC
HABSM
HADC
HAL
HCAR
HICL
HINO

Kurtosis Rank
37.57
25
126.31
11
59.99
19
11.16
83
4.26
131
20.03
47
6.02
122
6.53
116
13.64
67
15.30
62
12.51
74
6.68
114
12.92
71
48.63
21
2.68
144
31.14
32
7.92
108
33.28
29
8.24
106
19.79
48
7.45
111
8.45
103
1.98
150
31.96
31
14.40
64
15.79
60
3.47
138
27.69
37
4.73
126
2.76
143
6.40
117
47.43
22
10.99
85
4.39
130
64.67
17
39.10
24
35.17
28
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75
76
77
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
96
97
98
99
100
101
102
103
104
105
106
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108
109
110
111
112
113
114
115
116
117
118
119

Symbol
Kurtosis Rank
HINOON
8.50
101
HSPI
16.84
57
HUBC
10.59
86
IBFL
0.97
158
ICI
16.38
58
IDRT
6.14
120
IDYM
4.24
132
INDU
1.22
156
INIL
155.77
9
JDWS
13.81
66
JOPP
4.72
127
JOVC
29.81
33
JPGL
9.27
96
JSCL
256.97
6
KASBB
5.51
124
KESC
18.48
51
KOHC
21.27
44
KOHE
2.43
147
KOHP
8.36
105
KOIL
21.37
43
KSBP
29.44
34
KTML
6.21
118
LOTPTA
20.55
46
FNBM
7.03
113
LUCK
6.12
121
MACFL
9.73
94
MARI
128.65
10
MCB
2.47
146
MEBL
9.07
98
MFTM
18.08
55
MIRKS
15.56
61
MLCF
9.94
92
MODAM
11.56
81
MTL
79.00
14
MUKT
12.51
73
MUREB
17.32
56
MZSM
7.72
109
NATF
969.66
1
NBP
14.16
65
NCL
10.37
90
NESTLE
2.76
142
NIB
177.18
8
NICL
20.67
45
NML
9.09
97
NRL
83.01
12

Sr. No.
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161

Symbol
OGDC
OLPL
PAEL
PAKD
PAKMI
PAKRI
PAKT
PCAL
PECO
PIAA
PICT
PIOC
PKGS
PMI
PNGRS
PNSC
POL
PRL
PSMC
PSO
PSYL
PTC
PTEC
QUICE
RAVT
REWM
RICL
SAIF
SANSM
SAZEW
SCM
SEARL
SEL
SEPCO
SGML
SHEL
SHFA
SHSML
SIBL
SIEM
SING
SITC

Kurtosis Rank
1.80
151
8.98
100
18.10
54
1.69
153
12.45
75
793.74
4
0.74
159
67.48
16
4.42
128
15.89
59
1.69
152
2.85
139
13.43
68
9.04
99
4.87
125
0.58
160
59.98
20
2.56
145
27.56
38
37.27
26
7.09
112
3.60
136
9.38
95
10.48
89
11.77
79
18.22
53
10.51
88
9.79
93
71.50
15
12.12
78
11.55
82
4.40
129
1.28
155
6.56
115
11.75
80
42.42
23
1.02
157
2.82
141
8.48
102
3.65
135
10.56
87
1.29
154

APPENDIX C
The Excel Macro
‘*
‘*
‘*
‘*
‘*
‘*
‘*
‘*
‘*
‘*
‘*
‘*
‘*
‘*
‘*
‘*
‘*
‘*
‘*
‘*

**************************************************************************************************************
What Does Excel Macro Do?
1- Regression Based Ordering of ICs
2- Computation of Weighted ICs and Threshold ICs at 10(10)90 percent retention
3- Reconstruction of Original Series at 10(10)90 percent retention
4- Computation of Adjusted R Square at 10(10)90 Percent retention
5- Clustering based upon adjusted R Square
********************************************************************************************************
PRE REQUISITES
*******************************************************************************************************
Sheet “Original” should contain data for ALL 161 companies
Sheet “Mixing” should contain Mixing Matrix
Sheet “IC” should contain ICs
ICs and corresponding Mixing Matrix can be obtained using JADE, FastICA, or SOBI algorithm.
Calculation of ICs and Mixing Matrix is done independently in MATLAB
**************************************************************************************************************
DATE OF LAST MODIFICATION: 30-10-2014
*************************************************************************************************************
Used on one algorithm at a time
**************************************************************************************************************

Sub MyMacro()
Sheets(“IC”).activate ‘REQUIRED SHEET IS GETTING ACTIVATED
‘BLOCK-1 STARTS HERE

*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
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‘NEW SHEETS ARE CREATED AND NAMED WHICH WILL STORE RESULTS AND INTERMEDIATE CALCULATIONS
Dim newsheet
Set newsheet = Sheets.Add(After:=Sheets(Worksheets.Count), Count:=1, Type:=xlWorksheet)
newsheet.Name = "Regression"
Set newsheet = Sheets.Add(After:=Sheets(Worksheets.Count), Count:=1, Type:=xlWorksheet)
newsheet.Name = "TEMP"
Set newsheet = Sheets.Add(After:=Sheets(Worksheets.Count), Count:=1, Type:=xlWorksheet)
newsheet.Name = "Threshold"
Set newsheet = Sheets.Add(After:=Sheets(Worksheets.Count), Count:=1, Type:=xlWorksheet)
newsheet.Name = "Reconstructed"
Set newsheet = Sheets.Add(After:=Sheets(Worksheets.Count), Count:=1, Type:=xlWorksheet)
newsheet.Name = "Summary"
Set newsheet = Sheets.Add(After:=Sheets(Worksheets.Count), Count:=1, Type:=xlWorksheet)
newsheet.Name = "Clustering"
‘BLOCK-1 ENDS HERE
‘BLOCK-2 STARTS HERE
‘REGRESSION BASED ORDERED ICs ARE OBTAINED, WEIGHTED INDEPENDENT COMPONENTS ARE COMPUTED, THRESHOLD INDEPENDENT COMPONENTS
ARE ‘COMPUTED USING SEVERAL SUBSETS OF RETAINED WEIGHTED INDEPENDENT COMPONENTS FOR THE RETENTION LEVELS OF TOP 10(10)90 PERCENT,
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161 SERIES ‘ARE RECONSTRUCTED, COEFFICIENT OF DETERMINATION AND ADJUSTED COEFFICIENT OF DETERMINATION ARE COMPUTED AND A SUMMARY
IS OBTAINED FOR ‘161 COMPANIES
Dim cmpny As Integer

'A LOOPING VARIABLE IS DECLARED TO BE USED TO REPEAT THE ANALYSIS FOR EACH COMPANY

For cmpny = 1 To 161

'THE LOOP STARTS (CMPNY)

‘BLOCK-2A STARTS HERE
‘REGRESSION COEFFICIENTS ARE OBTAINED AND MIXING COEFFICIENT AND ICS ARE ORDERED*******
Sheets("IC").Activate

‘REQUIRED SHEET IS ACTIVATED

Range("A1:BYA161").Select
Selection.Copy

'INDEPENDENT COMPONENTS FROM SHEET "IC" ARE COPIED

Sheets("Regression").Activate

‘REQUIRED SHEET IS ACTIVATED

Range("C2:FG2004").Select
Selection.PasteSpecial Paste:=xlPasteAll, Operation:=xlNone, SkipBlanks:=False, Transpose:=True
'COPIED INDEPENDENT COMPONENTS ARE PASTED ON SHEET "REGRESSION" CELL C2:FG2004

Sheets("Original").Activate

‘REQUIRED SHEET IS ACTIVATED

Sheets("Original").Columns(cmpny + 1).Copy Destination:=Sheets("Regression").Columns(1)
'FIRST ORIGINAL SERIES (ABBOT) EXCLUDING FIRST OBSERVATION IS COPIED FROM SHEET "ORIGINAL"

Sheets("Regression").Activate

‘REQUIRED SHEET IS ACTIVATED

Range("A2").PasteSpecial Paste:=xlPasteValues
'COPIED DATA IS PASTED ON SHEET "REGRESSION" CELL A2:A2004.
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Range("B2").Select
ActiveCell.FormulaR1C1 = "1"
Range("B2").Select
Selection.AutoFill Destination:=Range("B2:B2004"), Type:=xlFillDefault
‘A UNIT COLUMN IS INSERTED IN COLUMN (B2:B2004) TO ACCOMMODATE INTERCEPT

Range("B2:FG2004").Select
Selection.Copy

‘UNIT COLUMN AND MATRIX OF ICs IS COPIED

Range("FI2").Select
Selection.PasteSpecial Paste:=xlPasteAll, Operation:=xlNone, SkipBlanks:=False, Transpose:=True
‘TRANSPOSE OF UNIT COLUMN AND MATRIX INDEPENDENT COMPONENTS IS OBTAINED AND PASTED IN COLUMN "FI"
‘ STARTING FROM ROW 2

Range("CEL2:CKQ163").Select
Application.CutCopyMode = False
Selection.FormulaArray = "=MMULT(FI2:CEI163,B2:FG2004)"
‘MATRIX INDEPENDENT COMPONENT AND ITS TRANSPOSE ARE MULTIPLIED

Range("CEL165:CKQ326").Select
Selection.FormulaArray = "=MINVERSE(CEL2:CKQ163)"
‘INVERSE OF THE ABOVE SAID MATRIX IS COMPUTED TO OBTAIN

Range("CEL328:CEL489").Select

AND PASTED ON CELLS CELL 165:CKQ326
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Selection.FormulaArray = "=MMULT(FI2:CEI163,A2:A2004)"
‘TRANSPOSE OF ICs AND FIRST ORIGONAL SERIES ARE MULTIPLIED TO OBTAIN

AND PASTED ON CELLS CEL328:CEL489

Range("CKP328:CKP489").Select
Selection.FormulaArray = "=MMULT(CEL165:CKQ326,CEL328:CEL489)"
‘

AND

ARE MULTIPLED TO OBTAIN REGRESSION COEFFICIENTS AND P[ASTED ON CELLLS CKP328:CKP489

Range("CKP329:CKP489").Select
Selection.Copy

‘REGRESSION COEFFICIENTS EXCLUDING INTERCEPT ARE COPIED

Sheets("TEMP").Activate

‘REQUIRED SHEET IS ACTIVATED

Range("A2").PasteSpecial Paste:=xlPasteValues
'REGRESSION COEFFICIENTS ARE PASTED ON SHEET "TEMP" COLUMN "A" STARTING FROM ROW 2

Sheets("IC").Activate

‘REQUIRED SHEET IS ACTIVATED

Range("A1:BYA161").Select
Selection.Copy

'INDEPENDENT COMPONENTS ARE COPIED FROM SHEET "IC"

Sheets("TEMP").Activate

‘REQUIRED SHEET IS ACTIVATED

Range("C2").PasteSpecial Paste:=xlPasteValues
'INDEPENDENT COMPONENTS ARE PASTED ON SHEET "TEMP" COLUMN "C" STARTING FROM ROW 2

Sheets("Mixing").Activate

‘REQUIRED SHEET IS ACTIVATED

Range("A" & cmpny & ":FE" & cmpny).Select
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'RESPECTIVE ROW OF MIXING MATRIX IS SELECTED FROM SHEET "MIXING"

Selection.Copy

'RESPECTIVE ROW OF MIXING MATRIX IS COPIED FROM SHEET "MIXING"

Sheets("TEMP").Activate

‘REQUIRED SHEET IS ACTIVATED

Range("B2").Select
Selection.PasteSpecial Paste:=xlPasteAll, Operation:=xlNone, SkipBlanks:=False, Transpose:=True
‘TRANSPOSE OF COPIED ROW OF MIXING MATRIX IS PASTED ON CELLS B2:B162
Dim numRows As Integer

'A LOOPING VARIABLE IS DECLARED TO BE USED TO COMPARE REGRESSION COEFFICIENTS AND EACH ELEMNT OF THE SELECTED
‘ROW OF MIXING MATRIX

numRows = 162
Dim diff As Single
diff = 1000
Dim difftry As Single
Dim valueB As Single
For i = 2 To numRows
For j = 2 To numRows - i + 2
difftry = Worksheets("TEMP").Range("A" & i).Value - Worksheets("TEMP").Range("B" & j).Value
If Abs(difftry) < diff Then
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diff = Abs(difftry)
valueB = Worksheets("TEMP").Range("B" & j).Value
valuej = j
End If
Next j
Sheets("TEMP").Range("B" & valuej & ":BYC" & valuej).Cut Destination:= _
Sheets("Threshold").Range("B" & i)
Sheets("TEMP").Range("B" & valuej & ":BYC" & valuej).Delete SHIFT:=xlUp
diff = 1000
Next i
'ABSOLUTE DIFFERENCES BETWEEN THE FIRST REGRESSION COEFFICIENT AND EACH OF THE ELEMENTS OF FIRST ROW OF MIXING MATRIX ARE
COMPUTED.
‘THE ELEMENT PRODUCING THE SMALLEST DIFFERENCE AND CORRESPONDING ROW OF INDEPENDENT COMPONENTS ARE MOVED TO THE SHEET
‘"THRESHOLD".THIS PROCEDURE IS REPLICATED TO THE REMAING DATA UNTIL LAST ROW IS MOVED.
‘BLOCK-2A ENDS HERE
‘BLOCK-2B STARTS HERE
‘WEIGHTED INDEPENDENT COMPONENTS ARE COMPUTED ON "THRESHOLD" USING ARRANGED MIXING COEFFICIENT AND INDEPENDENT
COMPONENTS
Sheets("Threshold").Activate

‘REQUIRED SHEET IS ACTIVATED
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For i = 1 To 161
Range("c" & i + 169).Select
ActiveCell.FormulaR1C1 = "=R[-168]C2*R[-168]C"
Range("C" & i + 169).Select
Selection.Copy
Range("D" & i + 169 & ":BYC" & i + 169).Select
ActiveSheet.Paste
Application.CutCopyMode = False
Next i
‘BLOCK-2B ENDS HERE
‘BLOCK-2C STARTS HERE
‘THRESHOLD INDEPENDENT COMPONENTS ARE COMPUTED USING SEVERAL SUBSETS OF RETAINED WEIGHTED INDEPENDENT COMPONENTS FOR THE
‘RETENTION LEVELS OF TOP 10(10)90 PERCENT
For i = 1 To 9
Range("C" & i + 332).Select
Selection = "=SUM(c170:c" & 169 + i * 16 & ")"
Next i
Range("C333:C341").Select
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Selection.AutoFill Destination:=Range("C333:BYC341"), Type:=xlFillDefault
Range("C333:BYC341").Select
Range("B334").Select
Selection.End(xlToRight).Select
Range("CBM333:BYC334").Select
Range("B333:BYC341").Select
Selection.Copy
‘BLOCK -2C ENDS HERE
‘BLOCK-2D STARTS HERE
‘RECONSTRUCTION OF SERIES
Sheets("Reconstructed").Activate

‘REQUIRED SHEET IS ACTIVATED

Range("A1").Select
Selection.PasteSpecial Paste:=xlPasteValues, Operation:=xlNone, SkipBlanks:=False, Transpose:=True
Range("D333").Select
Selection.End(xlToRight).Select
Range("BYC341").Select
Sheets("Reconstructed").Select
Range("I1").Select
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Selection.End(xlDown).Select
Application.CutCopyMode = False
' TRANSPOSE OF THRESHOLD INDEPENDENT COMPONENTS FOR THE RETENTION LEVELS OF 10(10)90 PERCENT ARE PASTED
‘ON SHEET "RECONSTRUCTED IC"

Sheets("Original").Activate

‘REQUIRED SHEET IS ACTIVATED

Sheets("Original").Columns(cmpny + 183).Copy Destination:=Sheets("Reconstructed").Columns(11)
'FIRST ORIGINAL SERIES IS COPIED FROM SHEET "ORIGINAL"

Sheets("Reconstructed").Activate

‘REQUIRED SHEET IS ACTIVATED

Range("K2").Select
Selection.Copy
Range("L2:T2").Select
Selection.PasteSpecial Paste:=xlPasteValues, Operation:=xlNone, SkipBlanks:=False, Transpose:=False
Range("L3").Select
Selection = "=(2.7182^A2)*L2"
Selection.Copy
Range("L3:T2005").Select
Selection.PasteSpecial Paste:=xlPasteFormulas, Operation:=xlNone, SkipBlanks:=False, Transpose:=False
‘BLOCK -2D ENDS HERE
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‘BLOCK -2E STARTS
‘COMPUTATION OF COEFFICIENT OF DETERMINATION AND ADJUSTED COEFFICIENT OF DETERMINATION
Sheets("Reconstructed").Activate
Selection.NumberFormat = "0.0000000000"
Range("L2007").Select
ActiveCell.FormulaR1C1 = "=CORREL(R2C11:R2005C11,R[-2005]C:R[-2]C)"
Range("L2007").Select
Selection.Copy
Range("M2007:T2007").Select
ActiveSheet.Paste
Range("L2009").Select
Selection = "=L2007*L2007"
Selection.Copy
Application.CutCopyMode = False
Selection.AutoFill Destination:=Range("L2009:T2009"), Type:=xlFillDefault
Range("L2009:T2009").Select
Range("L2011").Select
ActiveCell.FormulaR1C1 = "16"
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Range("M2011").Select
ActiveCell.FormulaR1C1 = "=RC[-1]+16"
Range("M2011").Select
Selection.AutoFill Destination:=Range("M2011:T2011"), Type:=xlFillDefault
Range("L2013").Select
Selection = "=1-(1-L2009)*(2003/(2004-L2011))"
Selection.Copy
Range("L2013:T2013").Select
Selection.PasteSpecial Paste:=xlPasteFormulas, Operation:=xlNone, SkipBlanks:=False, Transpose:=False
‘BLOCK-2E ENDS HERE
‘BLOCK-2F STSRTS
'MAKING SUMMARY
Sheets("Original").Activate

‘REQUIRED SHEET IS ACTIVATED

Range("NA" & cmpny).Select
Selection.Copy
Sheets("Summary").Activate
Range("A" & cmpny + 1).Select
Selection.PasteSpecial Paste:=xlPasteValues, Operation:=xlNone, SkipBlanks:=False, Transpose:=False
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Sheets("Reconstructed").Activate
Range("L2009:T2009").Select
Selection.Copy
Sheets("Summary").Activate
Range("B" & cmpny + 1 & ":J" & cmpny + 1).Select
Selection.PasteSpecial Paste:=xlPasteValues, Operation:=xlNone, SkipBlanks:=False, Transpose:=False
Sheets("Reconstructed").Activate

‘REQUIRED SHEET IS ACTIVATED

Range("L2013:T2013").Select
Selection.Copy
Sheets("Summary").Activate

‘REQUIRED SHEET IS ACTIVATED

Range("K" & cmpny + 1 & ":S" & cmpny + 1).Select
Selection.PasteSpecial Paste:=xlPasteValues, Operation:=xlNone, SkipBlanks:=False, Transpose:=False
'NAME OF FIRST SERIRES, COEFFICIENT OF DETERMINATION AND ADJUSTED COEFFICIENT OF DETERMINATION ARE PASTED ON SHEET "SUMMARY"
‘BLOCK-2F ENDS HERE
Next cmpny
‘BLOCK-2 ENDS HERE

‘BLOCK-3 STARTS
‘MAKING CLUSTERS

‘THE LOOP ENDS HERE (CMPNY)
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Sheets("Summary").Activate

‘REQUIRED SHEET IS ACTIVATED

Range("A2:A162").Select
Selection.Copy
Sheets("Clustering").Activate
Range("A1:FE1").Select
Selection.PasteSpecial Paste:=xlPasteAll, Operation:=xlNone, SkipBlanks:=False, Transpose:=True
Range("FG2:FG162").Select
Selection.PasteSpecial Paste:=xlPasteAll, Operation:=xlNone, SkipBlanks:=False, Transpose:=False
Dim str As String
Sheets("Summary").Activate
Range("K2:S162").Select
Selection.Copy
Sheets("Clustering").Activate
Range("A2:FE10").Select
Selection.PasteSpecial Paste:=xlPasteAll, Operation:=xlNone, SkipBlanks:=False, Transpose:=True
Range("A12").Select
Selection = "=rank(A2, A$2:A$10,1)"
Selection.Copy
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Range("A12:FE20").Select
Selection.PasteSpecial Paste:=xlPasteAll, Operation:=xlNone, SkipBlanks:=False, Transpose:=False
Range("A12:FE20").Select
Selection.Copy
Range("FH2:FP162").Select
Selection.PasteSpecial Paste:=xlValues, Operation:=xlNone, SkipBlanks:=False, Transpose:=True
'dim i as integer
For i = 1 To 161
' CALCULATION OF DIFFERENCE TO THE ENTIRE RANGE FR2:FZ162
Application.CutCopyMode = False
Range("LY2").Select
Selection = "=ABS(FH$" & i + 1 & "-FH2)"
Selection.Copy
Range("LY3:LY162").Select
Selection.PasteSpecial Paste:=xlPasteAll, Operation:=xlNone, SkipBlanks:=False, Transpose:=False
Range("LY2:LY162").Select
Selection.Copy
Range("LZ2:MG162").Select
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Selection.PasteSpecial Paste:=xlPasteAll, Operation:=xlNone, SkipBlanks:=False, Transpose:=False
Range("MI2").Select
Selection = "=sum(LY2:MG2)"
Selection.Copy
Range("MI3:MI162").Select
Selection.PasteSpecial Paste:=xlPasteAll, Operation:=xlNone, SkipBlanks:=False, Transpose:=False
'FLAGGING IF THE ENTRY IS PART OF THE GROUP OR NOT
Range(Cells(i + 2, i + 173), Cells(i + 2, i + 173)).Select
Selection = "=if($MI" & i + 2 & "=0,$FG" & i + 2 & ","""")"
Selection.Copy
Range(Cells(i + 3, i + 173), Cells(162, i + 173)).Select
Selection.PasteSpecial Paste:=xlPasteAll, Operation:=xlNone, SkipBlanks:=False, Transpose:=False
Range(Cells(2, i + 173), Cells(162, i + 173)).Select
Selection.Copy
Selection.PasteSpecial Paste:=xlPasteValues, Operation:=xlNone, SkipBlanks:=False, Transpose:=False
Next i
Sheets("Clustering").Activate
For i = 174 To 335
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For j = 2 To 162
For k = 161 To 1 Step -1
Range(Cells(j, i), Cells(j, i)).Select
If (Cells(j, i)) <> "" Then
Range(Cells(j, i + 1), Cells(j, i + k)).Select
Selection.ClearContents
Else
End If
Next k
Next j
Next i
Range("FG2:FG162").Select
Selection.Copy
Range("OI1:OI161").Select
Selection.PasteSpecial Paste:=xlPasteValues, Operation:=xlNone, SkipBlanks:=False, Transpose:=False
For i = 1 To 161
str = ""
For j = 1 To 161
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str = str & Cells(j + 1, i + 173) & ", "
Next j
Range(Cells(i, 400), Cells(i, 400)).Select
Selection = str
Next i
For k = 1 To 100
Cells.Replace What:=", , ", Replacement:=", ", LookAt:=xlPart, _
SearchOrder:=xlByRows, MatchCase:=False, SearchFormat:=False, _
ReplaceFormat:=False
Next k
‘BLOCK-3 ENDS HERE
End Sub

