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vision, for example, face recognition [3]. PCA is
used in picture separation and relatedness between
populations. PCA can be done by eigenvalue
decomposition of
a
data covariance matrix
or singular value decomposition of a data matrix,
usually after mean centering (and normalizing or
using Z-scores) the data matrix for each attribute [1].
The results of a PCA are typically talked about as far
as segment scores, now and then called factor scores
(the changed variable esteems comparing to a
specific information point), and loadings (the weight
by which each standardized unique variable ought to
be increased to get the segment score) [2].

Abstract
Principal component analysis (PCA) is a statistical
methodology that uses orthogonal transformation to
convert a set of observations of possibly correlated
variables into a set of values of linearly uncorrelated
variables called principal components (or) significant
modes of variation. The goal of PCA is to extract the
important information from a large dataset to
represent it as a set of new orthogonal variables
called principal components (or) significant modes
of variation [1]. The main function of PCA is to
reduce the dimensionality by extricating the smallest
number components that account for most of the
variation in the original data.

2. Goals of PCA:
1. Introduction:

The goals of PCA are:

Principal component analysis (PCA) is a statistical
modeling technique that uses multivariate
measurable procedure. PCA was first invented in the
year 1901 by Karl Pearson [14]. PCA is a
methodology that uses orthogonal transformation to
convert a set of observations of possibly correlated
variables into a set of values of linearly
uncorrelated variables called principal components
(or sometimes, significant modes of variation). The
number of modes are less than or equal to the smaller
of the number of original variables or the number of
observations. This transformation is defined in such
a way that the first principal component has the
largest possible variance and all the other
succeeding components have the highest variance
possible under the constraint that it is orthogonal to
the preceding components. The resulting vectors are
an uncorrelated orthogonal basis set. PCA is
sensitive to the relative scaling of the original
variables. Principal component analysis (PCA),
otherwise called Karhunen-Loeve extension, is an
established component extraction and information
portrayal system broadly utilized as a part of the
territories of example acknowledgment and PC

1.) To extract the most important information
from the data table.
2.) To compress the size of the data set by
keeping only the important information;
3.) To simplify the portrayal of the data set, and
4.) To analyze the structure of the perceptions
and the factors.

3. Steps in conducting PCA:
The steps below are followed in conducting Principal
Component Analysis [12]:
 Initial extraction of the components.
 Determine the number of principal
components to retain.
 Rotation to a final solution: After deciding
the principal components to retain, a rotated
factor pattern is created (this is done for
ease of interpretation).
 Interpreting the rotated solution
 Create factor scores and summarize the
results.
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4. Relationship between
Factor Analysis:

PCA

and

8. Limitations of PCA:
Although PCA is a popular SSM methodology, it has
certain limitations to be considered. The major
limitation of PCA is that it assumes that the variables
can be split up into orthogonal modes, which might
not be acceptable for all datasets. PCA is used to find
the linear correlations between the variables of a
dataset which means that if the variables are linearly
correlated in the dataset PCA can be used to find the
directions that represent the data, but PCA is not
enough for non-linear data. Another limitation is
that, if the scale is varied for some of the variables in
our dataset the PCA results vary. The final limitation
is that the PCA doesn‟t capture even the smallest
invariance unless the dataset provides information in
a clear and detailed manner [6].
The key disadvantages of PCA are:
 PCA looks for linear combinations of the
original factors. The nonlinear combination
may even yield better portrayal. PCA has an
augmentation for doing this sort of analysis,
Nonlinear PCA.
 The segments are not independent but rather
uncorrelated. It would be far superior in the
event that we have a portrayal which is
independent to each other. It is called
Independent Component Analysis.
 The covariance matrix is difficult to be
evaluated in an accurate manner [4, 6].
 Even the simplest invariance could not be
captured by the PCA unless the training
data explicitly provides this information [4,
6].

Generally, PCA makes variables that are linear
combinations of the original variables. Factor
analysis is similar to PCA [10], in that factor analysis
also involves linear combinations of variables. Not
the same as PCA, factor analysis is a relationship
centered approach trying to duplicate the intercorrelations among factors, in which the factors
"represent the common variance of variables,
excluding unique variance" [11].

5. PCA using R:
There are several ways of performing PCA using R.
The most common commands are prcomp () and
princomp (). We can also focus on the principal ()
function in the „psych‟ package because it has better
options.

6. Applications of PCA:
• PCA can be specifically connected to the hazard
administration of loan fee subsidiaries portfolios [7].
• A variation of principal components analysis is
utilized as a part of neuroscience to recognize the
particular properties of a stimulus that increases a
neuron's likelihood of creating an activity potential
[8].
• PCA as a dimension reduction technique is
especially suited to identify composed exercises of
expansive neuronal gatherings. It has been utilized as
a part of deciding aggregate factors, i.e. arrange
parameters, amid stage changes in the cerebrum [9].

7. Advantages of PCA:

9. Conclusions:

The key advantage of PCA is its low noise sensitivity
and increased efficiency; the PCA has quite a lot of
applications which are listed below:
 Goal is to reduce the total number of
variables, but at the same time, preserve
most of information (variation).
 Decreases the redundancy of data [4, 5, and
6].
 Reduce complexity in images and reduces
the dimensionality of the data [4, 5, 6].
 Smaller database portrayal since just the
student pictures are stored as their
projections on a reduced basis [4, 6].
 Reduction of noise as the most extreme
variation basis is picked, thus the minor
variations out of sight are ignored naturally.
[4, 6]

Principal component analysis is an intense and flexible
strategy method for giving a review of complex
multivariate information [13].
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