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Abstract 

 
Datasets that has been taken from different experiments will have relationships among their variables. During the past decades, 
researchers working in engineering, science, biology, astronomy, remote sensing, economics collect large amount of data for 
analysis. Such large datasets present challenges in data analysis to these researchers.  There are several statistical methods used to 
reduce the dimension of these datasets. The dimension of the data is nothing but the number of variables that are used in each 
observation. Most of the traditional statistical methods donot work properly because of the increase in the number of observations 
or increase in the number of variables associated with each observation. One of the problem in high-dimensional datasets is not 
all the variables are important for analysis. One has to find the important variables from a high-dimensional dataset and eliminate 
the less important variables. The most popularly used techniques are Principal Component Analysis, Factor analysis etc., In this 
paper, the steps for dimension reduction using Principal Component Analysis has been given by explaining with an example. 
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1. Introduction 

In statistics, dimension reduction means reducing the number of variables taken for analysis. The dimension 
reduction can be divided into feature selection and feature extraction.  Using feature selection method, subset of the 
original variables can be obtained.  Feature extraction converts the high dimensional data to data with fewer 
dimensions. The transformation of data may be linear or non-linear. Principal component analysis can be given as an 
example for linear data transformation. Feature extraction and dimension reduction can be combined in one step 
using principal component analysis (PCA), linear discriminant analysis (LDA), or canonical correlation analysis 
(CCA) techniques as a pre-processing step followed by clustering by K-NN on feature vectors in reduced-dimension 
space. In machine learning this process is also called low-dimensional embedding. 

2. Problem Definition 

In Image processing, for a face recognition or classification method based on m x n grayscale images can be 
transformed into mn-dimensional real vectors. In general, images of m=n=256 or 65536 dimensional vectors are 
used for classification system. Before performing classification algorithm such as multilayer perceptron (neural 
networks algorithm) on these multidimensional dataset, dimension reduction should be done. Without dimension 
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reduction, if we apply the classification algorithm on these high dimensional dataset, the number of weights 
calculated for these input dataset would be relatively very large. More approaches exist, for an example, Principal 
component analysis can be applied which transforms 63 x 61=3843 to 80 components and next classification 
algorithm can be performed on these components. Therefore, it is necessary to first reduce the dimension of the 
large datasets to a manageable size, keeping as much of the original information as possible and then the reduced 
dimension data can be used for further analysis. 

3. Materials and Methods 

Factor analysis is a statistical dimension reduction method used to describe variability among observed, correlated 
variables in terms of a potentially lower number of unobserved variables called factors. The observed variables are 
modelled as linear combinations of the potential factors, plus "error" terms. The information gained about the 
interdependencies between observed variables can be used later to reduce the set of variables in a dataset. 
Computationally this technique is equivalent to low rank approximation of the matrix of observed variables. Factor 
analysis is related to principal component analysis (PCA), but the two are not identical. Latent variable models, 
including factor analysis, use regression modelling techniques to test hypotheses producing error terms, while PCA 
is a descriptive statistical technique. There are two types of factor analysis: Exploratory factor analysis and 
Confirmatory factor analysis. 

Exploratory factor analysis (EFA) is used to identify complex interrelationships among items and group items that 
are part of unified concepts. The researcher makes no "a priori" assumptions about relationships among factors.  

Confirmatory factor analysis (CFA) is a more complex approach that tests the hypothesis that the items are 
associated with specific factors. CFA uses structural equation modeling to test a measurement model whereby 
loading on the factors allows for evaluation of relationships between observed variables and unobserved variables. 
Structural equation modeling approaches can accommodate measurement error, and are less restrictive than least-
squares estimation. Hypothesized models are tested against actual data, and the analysis would demonstrate loadings 
of observed variables on the latent variables (factors), as well as the correlation between the latent variables. 

PCA is a widely used method for factor extraction, which is the first phase of EFA. Factor weights are computed in 
order to extract the maximum possible variance, with successive factoring continuing until there is no further 
meaningful variance left. The factor model must then be rotated for analysis. 

There are number of reasons used to suggest that PCA is equivalent to factor analysis. It is sometimes observed that 
Principal Component Analysis is computationally faster and it requires fewer resources than factor analysis. But 
PCA and factor analysis can produce similar results. Researchers gain extra information from a PCA approach, such 
as an individual’s score on a certain component – such information is not yielded from factor analysis. PCA results 
in principal components that account for a maximal amount of variance for observed variables; FA account for 
common variance in the data. PCA inserts ones on the diagonals of the correlation matrix; FA adjusts the diagonals 
of the correlation matrix with the unique factor. PCA minimizes the sum of squared perpendicular distance to the 
component axis; FA estimates factors which influence responses on observed variable. The component scores in 
PCA represent a linear combination of the observed variables weighted by eigenvectors; the observed variables in 
FA are linear combinations of the underlying and unique factors. In PCA, the components yielded are 
uninterpretable, i.e. they do not represent underlying ‘constructs’; in FA, the underlying constructs can be labeled 
and readily interpreted, given an accurate model specification. 

4. Implementation Methodology 

In Principal Component Analysis, the correlation matrix of the data is constructed and the eigenvectors on this 
matrix are computed. The eigenvectors that correspond to the largest eigenvalues (the principal components) can 
now be used to reconstruct a large fraction of the variance of the original data. Moreover, the first few eigenvectors 
can often be interpreted in terms of the large-scale physical behavior of the system. The original space (with 
dimension of the number of points) has been reduced (with data loss, but hopefully retaining the most important 
variance) to the space spanned by a few eigenvectors.  
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5. Results and Discussions 

Principal component analysis (PCA) is a mathematical procedure 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. The number of principal components is less than or equal to the number of original 
variables. 

Steps that should be followed in Principal Component Analysis are as follows:- 

Step 1: Get some data 
Here for example, sample data with two dimensions has been taken shown in table-1 

Table -1 
X Y 
1.1 1.5 
2.3 2.9 
0.9 0.6 
0.3 0.21 
1.5 1.3 
0.9 0.4 
0.3 0.1 

 
Step 2: Subtract the mean 
For PCA to work properly, we have to subtract the mean from each of the data dimensions. The mean subtracted is 
the average across each dimension. This produces a data set whose mean is zero. For the sample data, the mean 
subtracted result is given below in table - 2 

Table - 2 
X Y 

0.0571 0.4986 
1.2571 1.8986 
-0.1429 -0.4014 
-0.7429 -0.7914 
0.4571 0.2986 
-0.1429 -0.6014 
-0.7429 -0.9014 

 
Step 3: Calculate the covariance matrix 
Since the data is 2 dimensional, the covariance matrix will be 2 X 2. The result is 
 
 Covariance =   0.4895 0.6588 
              0.6588 0.9840 
 
So, since the non-diagonal elements in this covariance matrix are positive, we should expect that both the x and y 
variable increase together. 
Step 4: Calculate the eigenvectors and eigenvalues of the covariance matrix. Since the covariance matrix is square, 
we can calculate the eigenvectors and eigenvalues for this matrix. In the meantime, here are the eigenvectors and 
eigenvalues: 
 
Eigenvectors    =  -0.7071  0.7071 
    0.7071  0.7071 
 
EigenValues = 0.0508           0 
             0  1.9492 
 
It is important to notice that these eigenvectors are both unit eigenvectors ie. Their lengths are both 1. 
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Step 5: Choosing components and forming a feature vector 
Here is where the notion of data compression and reduced dimensionality comes into it. If we look at the 
eigenvectors and eigenvalues from the previous section, we can notice that the eigenvalues are quite different 
values. In fact, it turns out that the eigenvector with the highest eigenvalue is the principle component of the data set. 
In general, once eigenvectors are found from the covariance matrix, the next step is to order them by eigenvalue, 
highest to lowest. This gives you the components in order of significance. Now, if we like, we can decide to ignore 
the components of lesser significance. we do lose some information, but if the eigenvalues are small, we don’t lose 
much. If we leave out some components, the final data set will have less dimensions than the original. To be precise, 
if you originally have n dimensions in your data, and so you calculate n eigenvectors and eigenvalues, and then we  
choose only the first p eigenvectors, then the final data set has only p dimensions. we need to form a feature vector, 
which is just a fancy name for a matrix of vectors. This is constructed by taking the eigenvectors that you want to 
keep from the list of eigenvectors, and forming a matrix with these eigenvectors in the columns. 
 
FeatureVector =(eig1, eig2, eig3, …..eign) 
 
For the given example FeatureVector is given below: 
 
FeatureVector    =  0.7071  -0.7071 
   0.7071   0.7071 
 
Step 5: Deriving the new data set 
This the final step in PCA, and is also the easiest. Once we have chosen the components (eigenvectors) that we wish 
to keep in our data and formed a feature vector, we simply take the transpose of the vector and multiply it on the left 
of the original data set transposed. 
 
FinalData = RowFeatureVector X RowDataAdjust 
 
Where RowFeatureVector  is the matrix with the eigenvectors in the columns transposed so that the eigenvectors are 
now in the rows, with the most significant eigenvector at the top, and RowDataAdjust  is the mean-adjusted data 
transposed, ie. the data items are in each column, with each row holding a separate dimension. FinalData is the final 
data set with data items in columns and dimensions along rows. FinalData  is given as follows: 
 

Table - 3  
X Y 

0.5026 0.0817 
1.9139 1.7968 
-0.4047 -0.2042 
0.7978 -1.0617 
0.3010 0.6534 
-0.6063 -0.2042 
-0.9087 -1.0617 

 
The number of principal components to be retained depend upon the availability of variables for further analysis. 
The final data ie. Principal components are uncorrelated to each other. 
 
6. Conclusion 

 
Principal Component analysis is concerned with explaining the variance-covariance structure of a set of 

variables. The objective of PCA is data reduction ie moving from many original variables to few composite 
variables which is linear combinations of the original variables.  These new variables called as principal components 
which is composite variables consisting of a mixture of the original variables. In this paper, with an example it has 
been explained how original variables are transformed to composite variables ie. Principal components. 
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