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Introduction

Principal component analysis was first introduced by Karl Pearson for non-random variables, and then H.

Hotelling extended this method to the case of random vectors. Principal component analysis (PCA) is a

technique for reducing dimensionality, increasing interpretability, and at the same time minimizing

information loss.

Definition

Principal Component Analysis (PCA) is a statistical method. Through orthogonal transformation, a group of

variables that may be correlated is transformed into a group of linearly uncorrelated variables, which are

called principal components. To be specific, it transforms the data to a new coordinate system such that the

greatest variance by some scalar projection of the data comes to lie on the first coordinate (called the first

principal component), the second greatest variance on the second coordinate, and so on.

The Calculation of PCA

F1 is used to represent the first linear combination selected, that is, the first comprehensive indicator. The

larger the Var ( F1 ) is, the more information F1 contains. Therefore, F1 selected among all linear

combinations has the largest variance, so F1 is called the first principal component. If the first principal

component is not enough to represent the information of the original P indicators, then F2 is selected, that is,

the second linear combination. In order to effectively reflect the original information, the existing

information of F1 does not need to appear in F2. In other words, Cov(F1, F2) = 0, and F2 is called the

second principal component. And so on, we can construct 3rd, 4th, ... , Pth principal component.

Fp = a1i*ZX1 + a2i*ZX2 + …… + api*ZXp

Where a1i, a2i, ……,api (i=1,……,m) is the eigenvector corresponding to the eigenvalue of X

covariance matrix segma, ZX1, ZX2, ……, ZXp is the normalized value of the original variable.



A = (aij)p×m = (a1,a2,…am)，Rai = λiai

R is the correlation coefficient matrix, λi and ai are the corresponding eigenvalues and unit eigenvectors

λ1 ≥ λ2 ≥ …≥ λp ≥ 0.

Calculation Process:

1. Standardize the dataset.

To calculate the mean and standard deviation for each feature.

xnew = x-μ/σ
2. Calculate the covariance matrix for the features in the dataset.

The formula to calculate the covariance matrix:

3. Calculate the eigenvalues and eigenvectors for the covariance matrix.

det(A-λI) = 0

4. Sort eigenvalues and their corresponding eigenvectors.

5. Pick k eigenvalues and form a matrix of eigenvectors.

6. Transform the original matrix.

Feature matrix * top k eigenvectors = Transformed Data

Example

F1 F2 F3 F4

1 2 3 4

5 5 6 7

1 4 2 3

5 3 2 1

8 1 2 2



1. Caculate mean and Standard deviation Then the dataset becomes:

2. Calculate covariance matrix

F1 F2 F3 F4
F1 Var(f1) Cov(f1,f2) Cov(f1,f3) Cov(f1,f4)
F2 Cov(f2,f1) Van(f2) Cov(f2,f3) Cov(f2,f4)
F3 Cov(f3,f1) Cov(f3,f2) Var(f3) Cov(f3,f4)
F4 Cov(f4,f1) Cov(f4,f2) Cov(f4,f3) Van(f4)

3. Calculate eigenvalues and eigenvectors Then det(A-λI) = 0:

Put each λ into matrix to calculate v: We have:

4. We choose top 2 eigenvectors: Feature matrix * top 2 eigenvectors = Transformed Data

Thus, we successfully converted our data from 4 dimensional to 2 dimensional.

F1 F2 F3 F4
-1 -0.6324 0 0.2606
0.3333 1.2649 1.7321 1.5637
-1 0.6325 -0.5774 -0.1738
0.3333 0 -0.5774 -1.0425
1.3333 -1.2649 -0.5774 -0.6081

F1 F2 F3 F4
mean 4 3 3 3.4
s.d. 3 1.58114 1.73205 2.30217

F1 F2 F3 F4
F1 0.8 -0.2530 0.0385 -0.1448
F2 -0.2530 0.8 0.5112 0.4945
F3 0.0385 0.5112 0.8 0.7524
F4 -0.1448 0.4945 0.7524 0.8

F1 F2 F3 F4
F1 0.8-λ -0.2530 0.03849 -0.1448
F2 -0.2530 0.8-λ 0.5112 0.4945
F3 0.03849 0.5112 0.8-λ 0.7524
F4 -0.1448 0.4945 0.7524 0.8-λ

λ1 = 2.5158

λ2 =1.0653

λ3 = 0.3939

λ4 = 0.0250


