
 

Pn alysis

age height weight GPA income siblings

no d

n x d

PCs linear combinations of all features in our

design matrix

capture as much variation as possible
minimize projection error

SingueDecomsiD
The SVD somehow satisfies these goals for us

It is one way
to do PCA but not the only way

The SVD can also be used for other things



X assumeisnean centered why see bottom

T

X UE V

Xuxa Unxd dVId
columns of U V each form

an orthonormal set

U I tea f fly ly Ya

I uitui I
UiTuj O i j

Ii orthonormal
also apply for V

U U _Ia VTV Id



X UE V

XV UE toy example
not actually

principal possible cols of
principal component v here aren't
components

orthonormal

age height weight GPA siblings
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I
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21 Xv 2 age t 3 height
1 weight

C 4 GPA t l siblings

PCL Xk
V co tarns the directions of PCs



O Oi is not
standard

o or

a

m

Oi singular value i singular values

of X

varigaoto.ci
of X TX

n

Note Gis are arranged in decreasing

order

0 2 Oz 2 Or

r non zero singular values

means design matrix is of rank r

As a result PCs are arranged from
most

variance to least variance



AllerisPCAcheatheet

1 The ith principal component

ith column of XV
in column of UE

Xvi
oilli

2 The direction of the ith principal component

ith column of V Vi

3 The rank of X

of non zero singular values

non zero Oi s



4 The variance explained by PC i

Oi
2

VarCPCi
pci z VarCPCjn Note Var when i j

5 The proportion of variance explained

by Pci

oil
ValPC in
Valtotal off of t to

h



Luster
Let X la ly and

v I

Y Ya

PC 1 Xv x X the Xz

when x Xs O

y O t x z O 0

forcing our PCs to all pass through
the origin

Given this constraint we mean center to

bring our data to the origin

For example consider

ii i



If mean centered

i i i

If not mean centered

ii i

Remember PCs minimizer


