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MACHINE LEARNING
ALGORITHMS-DIMENSIONALITY REDUCTION USING
PRINCIPAL COMPONENT ANALYSIS

* Akhil S
Abstract
Machine learning is the latest in a long line of attempts to distill human
knowledge and reasoning into a form that is suitable for constructing machines and
engineering automated systems. Machine Learning revolutionized the world of
computers by teaching them to learn as they progress forward with large data, thus
mitigating many previous programming pitfalls and impasses. Machine Learning
builds algorithms, which when exposed to large data, can self teach and take decisions.When this technology is powered by Artificial Intelligence (AI) applications,
the combination is powerful. In this paper, we will discuss principal component
analysis (PCA), one of the most commonly used techniques for data compression
and data visualization. It is also used for the identification of simple patterns, latent
factors, and structures of high-dimensional data algorithm for linear dimensionality
reduction.
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1. Introduction
Machine Learning (ML) revolutionized the world of computers by teaching
them to learn as they progress forward with large data,thus mitigating many
programming pitfalls and impasses. ML build algorithms which when exposed to
large data, can self teach and take decisions. When this technology is powered by
Artificial Intelligence (AI) applications, the combination is powerful. Machine
Learning is steadily moving away from abstractions and engaging more in Business
Problem Solving with support from AI and Deep Learning. It is expected that
theoretical research in ML will pave the way for business probelm solving and business
intelligence. AI + ML comnination will deliver systems that "Understand, Learn,
Predict, Adapt and Operate autonomously". Deep Learning is one of the latest
reserach trends in ML Algorithms, right now in this direction. It is a form of the
Artificial Neural networks with many neurons/layers.
Principal component analysis (PCA) is a statistical procedure that uses an
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. This transformation is defined in such a way that the first
principal component has the largest possible variance (i.e., accounts for as much of
the variability in the data as possible), and each succeeding component in turn hasthe
highest variance possible under the constraint that it is orthogonal to the preceding
components. The resulting vectors are an uncorrelated orthogonal basis set. The
principal components are orthogonal because they are the eigenvectors of the
covariance matrix, which is symmetric.

2.Principal Component Analysis(PCA)
Given data {x1, x2, ...........xn }where each element xj has m attributes {aj1, aj2,
...........ajm } and j = 1, 2,...........n. While applying machine learning classificaction or
clustering algorithm, it is not expected from all the features to have valuable
contributions to the resulting classificaction model.The attributes with the least
contributions do act as noise, and reducing them from the data will result in a more
effective classificaction or clustering model.
The PCA is a multivariate statistical technique aiming at extracting the features
that represent most of the information in the given data and eliminating the least
features with least information. Therefore, the main purpose of using the PCA is to
reduce the dimensionality of the data without seriously affecting the structure of
the data. When collecting real data, usually the random variables that represent the
data attributes are expected to be highly correlated. The correlations between these
random variables can always be seen in the covariance matrix. The variances of the
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random variables are found in the diagonal of the covariance matrix. The sum of the
variances (diagonal elements of the covariance matrix) gives the overall variability.
The PCA works to replace the original random variables with other sets of
orthonormalset of vectors called the principal components. The first principal
component is desired to pass as much closer as possible to data points, and the
projection of the data into the space spanned by the first component is the best
projection over spaces spanned by other vectors in one dimension. The second
principal component is orthogonal to the first principal component and the plain
spanned by it together with the first component is the closest plane to the data. The
third,fourth, and other such components feature at the same logic.
Given an m-dimensional data D of the form: The data D can be visualized by
Figure 1.Hence, each data element xj is represented by an m-dimensional row vector.

The data D can be visualized by Figure 1.1 Hence, each data element xj is represented
by an m-dimensional row vector

Figure 1: The shape of a dataset consisting of N feature vectors, each has m
attributes.
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Figure 2: (a) The original two-dimensional data in the feature space and (b) the
reduced data in one-dimensional space.

2.1 The SVD and Dimensionality Reduction
Suppose that C is the covariance matrix that is extracted from a given dataset
D. The elements of the covariance matrix are the covariances between the random
variables representing the data attributes (or features). The variance of the random
variables lies in the diagonal of C, and their sum is the total variability. Generally, the
SVD works to express matrix C as a product of three matrices: U,Σ,and V . Because
matrix C is an m x m matrix, the SVD components of matrix C are given by

C = UΣVΤ
where:
U & V are orthogonal m x m matrix
Σ is an m x m diagonal matrix.
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The diagonal elements of Σ are the eigenvalues of the covariance matrix C
, ordered according to their magnitudes from bigger to smaller. The columns of U (or
V ) are the eigenvectors of matrix C that correspond to the eigenvalues of C .
By factoring matrix C into its SVD components, we would be rewarded with
three benefits:
1.The SVD identifies the dimensions along which data points exhibit the most
variation, and order the new dimensions accordingly. The total variation exhibited
by the data is equal to the sum of all eigenvalues, which are the diagonal elements
of the matrix Σ and the variance of the jth principal component is the jth eigenvalue.
2.Replace the correlated variables of the original data by a set of uncorrelated ones
that are better exposed to the various relationships among the original data items.
The columns of matrix U, which are the eigenvectors of C, define the principal
components, which act as the new axes for the new space.
3. As a result of benefit (2), the SVD finds the best approximation of the original
data points using fewer dimensions. Reducing the dimension is done through
selecting the first k principal components, which are the columns of matrix U.

3. Implimentation of PCA
The steps to impliment PCA as follows
Step 1: Compute the mean of the data as follows:
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3.1 Number of Principal Component to Choose
When applying the PCA, the variances of the random variables are
represented by the eigenvalues of the covariance matrix that are located at the main
diagonal of matrix Σ. In matrix Σ the eigenvalues are sorted according to their
magnitudes, from bigger to smaller. That means, the principal component with bigger
variance comes first.

Figure 3: The Covariance Matrix of the Ecoli Dataset, with Seven Random Variables
Representing the Seven Data Attributes
We applied the PCA algorithm to the “ecoli" data, and the variance retained
by the first k principal components are explained in figure 4. This means that if we
select only the first principal component, then we can retain only 51.6% of the
variance. If we select the first two principal components, then 76% of the variance
will be retained, and so on.. By knowing this, we can determine how many principal
components to select. For example, if we need to retain 90at least of the variance,
then we shall choose the first four principal components, if we need 99% of the
variance, then we shall select the first six principal components

Figure 4: Variances of the Seven Principal Components of Ecoli Data
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3.2 Data Reconstruction Error
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4 MATLAB ® Code Applies the PCA
We applied the above algorithm to the Iris dataset with k = 2. In Figure 6, we show the
plot of the reduced data (which is 2D)

Figure 6: Two-dimensional reduced data
We also plotted the data in a three-dimensional reduced space in Figure 7.
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Figure 7: Three-dimensional reduced space.

Conclusion
PCA is sensitive to the relative scaling of the original variables. Working
directly with high-dimensional data, such as images, comes with some di
culties:It is hard to analyze, interpretation is dicult,visualization
is nearly impossible, and (from a practical point of view) storage of the data vectors
can be expensive. However, high-dimensional data often has properties that we can
exploit. For example, high-dimensional data is often overcomplete, i.e., many
dimensions are redundant and can be explained by a combination of other
dimensions. Furthermore, dimensions in high-dimensional data are often correlated
so that the data possesses an intrinsic lower-dimensional structure. Dimensionality
reduction exploits structure and correlation and allows us to work with a more
compact representation of the data, ideally without losing information. We can think
of dimensionality reduction as a compression technique, similar to jpeg or mp3,
which are compression algorithms for images and music.
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