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o VAURT—4

* 373K
»Iris-setosa
*Iris-versicolor
»Iris-virginica

1812 (4/X7T)
*sepal length
»sepal width
» petal length
» petal width

https://archive.ics.uci.edu/ml/machine-learning-databases/iris/iris.data

11



BTN, Bl

o VAURT—4
* 393K
o Iris-setosa

» Iris-versicolor
-Irls V|rg|n|ca

-sepal length
»sepal width
» petal length
» petal width

https://archive.ics.uci.edu/ml/machine-learning-databases/iris/iris.data ,
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Python T PCA

from __ future__ import division
import numpy as np

import matplotlib.pyplot as plt
import pandas as pd

from sklearn.decomposition import PCA

iris = pd.read_csv('./iris.csv') —__ s+ g — —
X = iris.drop('class', axis=1) T =S DA & 4RTZEXIC

Y = iris['class']
X_scaled = (X-X.mean())/X.std() —F—ASDIEMIL (&)

pca = PCA(n_components=2) <—PCAD) fi%—@’it\y '\ . (2;)7775)
pca. fit(X_scaled) <—PCAT2/RTICTDIL—ILED

reduced_iris = pca.fit_transform(X_scaled) Py B vl b - =\
colors = ['blue', 'red', 'Yellow'] 2Rl LIEXzoy b

uniqueY = pd.unique(Y) ejD‘\J ~
for i in range(len(uniqueY)):
Yi = uniqueY[i]
color = colors|[il
plt.scatter(reduced_iris[np.where(Y == Yi), @],
reduced_iris[np.where(Y == Yi), 1],c=color)
plt.xlabel('PC 1)
plt.ylabel('PC 2')
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T— A% WML IRIRTE VDN ?

o BEMIDTDIFTESEK ]

print(pca.explained_variance_ratio_)
[0.72770452 0.23030523]

— B—FKTDT 72.7%, BZFDTEESHET 95.8% %

FKIATETWE ! (T-A9DLMNESE =57
A TETL\B)

o BEMTDIHE ]

print(pca.components_)

BNz 95.8%

[[ 9.52237162 -0.26335492 0.58125401 0.56561105]
[ 0.37231836 ©0.92555649 ©0.02109478 0.06541577]]

— BB EMIT(E

0.522---x(sepal length) — 0.263---x(sepal width)

+ 0.581---x(petal length) + 0.565---x(petal widt

h)

THRREINTUND. 2FRE=3

=5 p="ii=alt= VA



Features of PCA

e Compact representation of the entire d-dimensional vector
distribution with d " (< dimensional number d) principal
components.

e In this sense, it is similar to the representative vector of
clustering )

.‘ *
.‘.h

2
1
[ ]
R A
-1
-2

PC 2

.ﬂ.

e Sometimes d ~«d D2 a0 s

PC1

o If you want to do it, you can make d = small as much as you
want.

e However, if you do too much, you will not be able to grasp the
structure of the distribution well.

e It can also be regarded as the principal component direction =
major variation from the mean



Normalization: What to do first in many

data analyses, not just PCA

o "Normalize" the mean to zero and the variance to 1!

____________________________________________________________________________
»~ -~
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| (B kgL 00 o o :
! O © o :
' ;I:'aK O O o i
m U OO O O N E1RTT :
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Stretch and — D0 o

contract each .. Ry Q (())O .

axis to achieve R e o ERRIE

the same degree I oonO! SNEeER

of "spread . atal .



How to make the mean zero, the variance 17

e First, set the average to zero

o If you subtract the current average from all the values, the average
becomes zero

—o—o#oio—c = OJF-O—O—
X

0
e Next, set the variance to 1!

eI said before, "If you change the value from x; to ax;, the variance will
be a?c?"

oIf I want a?c? =1, then multiply x; by a = {/1/052 is OK!
< e -

— TTENo? >
—o—o—F—o—o—» j‘> O o-fo-o—>

0 X 1/02
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The importance of each principal component

(such as "cumulative contribution rate" or "eigenvalue")

o It is widely spread — high importance
e 1st, 2nd, 3rd... and the importance decreases

e However, there are different ways to go down, and
that's very important!

® As you get used to it, you can imagine the shape of
the distribution in this "descending curve"

EEE o
\j“ -




As you get used to it, you'll find out: Correlation

between the two factors (more on that later)

There is a very spread direction (= bias),
which shows a positive correlation

A

but it shows no correlation

] [There is a very widespread direction,
X2

There is a very widespread direction (= biased),
which shows a negative correlation

Spherical distribution — uncorrelated
X5 — spread uniformly
A

A
o) Oooood)
o 00
© o)
o © 4
S
X1




As you get used to it, you'll find out: Correlation

between the two factors (more on that later)
IER LN TVRAENHD(=ROhHD), ]

X1 —>j(, X _)j(, X3 -/

(x1 _)IJ\, X _)IJ\, xg, _)k, &%1@)
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Two criteria for finding the direction of spread

(1): The maximum dispersion criterion

eI want to find the main component in the direction of increasing the
dispersion as much as possible.

| (BR)

v




Two criteria for finding the direction of

spreading(2): the least squares error criterion

eI want to find the main component in the direction where the error is as
small as possible

| (BR)

v




Reference: Principal component analysis solution

opiﬁpersion and minimum error, both criteria can be solved as
ollows

e Exactly the same main components are required

e Finish in 3 steps

1. Finding the covariance matrix Cov from a set of data (each
d-dimensional vector).

2. Finding the eigenvalues and eigenvectors of Cov

3. From the large eigenvalue, d ™ eigenvectors are the main
components (d ~ Is determined appropriately)

&
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Illustrate the atmosphere of the solution

O
® Finding the X of the
covariance matrix
e® %@
o ® : /
/| g /‘ >

eigenvalue
Eigenvectors

1st eigenvector (direction)
1st eigenvalue
(spread = importance)

Second eigenvector




Covariance

e Equation (covariance of vector X and vector Y)

Y, (X, — mean(X))(Y, — mean(Y))
cov(X,Y)= =2

n
® Meaning of covariance

e Signs are the most important:

* When it is positive (>0)... When the X_iis large Y_i it tends to
be large.

*» When negative (<0)... When the X_iis large Y_i it tends to be
small.

* When 0 (=0)... X_i No tendency to "large" Y_i

» In fact, we learned last time that each variable is divided by
the standard deviation. It will be a correlation coefficient!



Specific examples of covariance

o If you look for the covariance matrix of
sepal_length and petal_length in IRIS data...

sepal_length = np.array(iris['sepal length'])
petal_length = np.array(iris['petal length'])
CC = np.cov(sepal_length,petal_length)
print(CC)

plt.scatter(sepal_length,petal_length)

cov(sepal_length, petal_length)>0:
sepal_length M KEL\&EE, petal lengthBRAEUME@ICH B




Eigenvalues and eigenvectors

e When Ax=Ax holds, x is the eigenvector of the

matrIX A S
L5Y/\7y d PRI :

oA IS the elgenvalue Of A A matrix is a pair of vectors
: i _| 2 3| _ _ :
e Example: Matrix A—[ } 2

2 1
2 1
2 3 1 11 - -
oL oiess
A NI NU2,1)Dl
[BERTNLTRO] 4y Ix

T L

[ BE~RT L .




How to find eigenvalues and eigenvectors

e You can calculate it as follows

# BIEELEIBENTZRNL 1751 A:
A = np.matrix([[2,3], [2,1]1]) < A 2 3
from numpy import linalg as LA 2 1
LA.eig(A)

s81E BEBANT ML

print(eigenvalues)

[(3) €1)]

print(eigenvectors)

[ 47 . 10 ]
An eigenvector is not necessarily unique
When sorted in order of highest eigenvalue, the first principal component is the largest

49



Eigenvalues and eigenvectors

(confirmation)

o If you look at it to see if it really fits...
e_vecl = eigenvectors[:,0] E—EFEHGNT L

e_vall = eigenvalues[0] ZE—[&EHIE

print(np.dot(A, e_vecl)) Inner product of matrices and vectors

[[3.32820118]
[2.21880078]]

prlnt{e_va'l.l*E_VE_Cl} _J Meets the conditions of the eigenvector
[2.21880078]] X e =Axe

51




Illustrate the atmosphere of the solution

(reposted)

O
® Finding the X of the
covariance matrix
o® %@
e O
’ ’

eigenvalue
Eigenvectors

1st eigenvector (direction)
1st eigenvalue
(spread = importance)

Second eigenvector




Try it with Iris data (no normalization)

e Let's visualize the distribution of Sepal length and Petal length and the primary
principal components. (Normalize only the average value for clarity)

[

# sepal_length <& petal_length DFHETSIDEHA

# Read 1iris dataset
iris = pd.read_csv('./iris.csv')
X = iris.drop(['sepal width', 'petal width','class'], axis=1)

# Normalize the data
#X _scaled = (X-X.mean())/X.std()
X_scaled = (X-X.mean())

# Transform input data into an np.array
Y = np.array(X_scaled)

# Compute the covariance matrix
cov_matrix = np.cov(Y.transpose())

# Compute the eigen values and eigen vectors
(1,V) = np.linalg.eig(cov_matrix)

print("Explained variance ratio: ", 1/l.sum())
print(“the 2 principal vectors: \n", V.transpose())



Try it with Iris data (no normalization)

e Let's compare it to the PCA function

Explained variance ratio: [0.03686636 0.96313364]
the 2 principal vectors:

[[-0.91920275 0.39378459]

[-0.39378459 -0.91920275]1

The order is the same if sorted in order of greatest

pca = PCA(n_components=2)
pca.fit(X_scaled)
print(pca.explained_variance_ratio_)
print(pca.components_)

[0.96313364 0.03686636]
[[ 9.39378459 0.91920275]
[-0.91920275 0.39378459]]



Try it with Iris data (no normalization)

o Let's visualize it

A = pca.components_

p - s
# = — - (Bl
== 27T

a = Ale][1]1/A[0] [@]

xx = [min(X_scaled['sepal length']l) + 0.01x(max(X_scaled['sepal length'])
-min(X_scaled['sepal length']))*i for i in range(101)]

yy = [xx[i]l*a for i in range(len(xx))]

# BTHH

b = A[1]1[1]1/A[1][@]
xx2 = [min(X_scaled['sepal length']) + 0.01x(max(X_scaled['sepal length'])
-min(X_scaled['sepal length']))*i for i in range(101)]

yy2 = [xx2[il*b for i in range(len(xx))] 4-
# %

plt.scatter(X_scaled['sepal length'],X_scaled['petal length'l)
plt.scatter(xx,yy)

plt.scatter(xx2,yy2) 1-
plt.axis('scaled") 0
p'I.t.x'I.im([—4,4]) e — N Ny

plt.ylim([-4.4]) B ZFRTD .




Try it out with Iris data (with

normalization)

Az : 1

X_scaled = (X-X.mean())/X.std()

[ ©.93587708 ©.06412292]
[[ ©.70710678 ©.70710678]
[-0.70710678 ©.70710678]]

Analyze the contribution rate
of the principal component
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FRRAELREW (130, 798R1)

eais.csv® ('Ht', 'Wt', 'LBM’,'BMI’)
(X = ais[['Ht', 'Wt', 'LBM*,'BMI']])

o BT —HREMD DL, BZEMDETT
F—%%T0Oy  NUREL
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e Normalize the following data (mean 0O, variance 1)
eais.csv ('Ht', 'wt', 'LBM', 'BMI’)
o (X = ais[['Ht', 'Wt', 'LBM’,'BMI']])

e Each data is analyzed as a principal component, and up to
the second principal component
Plot the data

e Development: Let's change the color for each gender
(see page 14)

e Plot the contribution ratios of the principal components and
determine up to which principal component is needed to
reach a cumulative contribution ratio of 90%.



T A 2

-

o ROT—HZIEREUREWL (150, 73ER1)

ewine_data.csv (qualitylZBR<)

oiF) [;1IXYIDCHOTLVS

o BT —TEERA DI, EZEMDETT

F—A%JT0Ov M UIREL)

FR D DOTFSEZ2TOYN., 5BA13

R E TENIS,
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e Normalize the following data (mean O, variance 1)

ewine_data.csv (excluding quality)
*Note) It is separated by ;]

e Each data is analyzed as a principal component, and
up to the second principal component. Plot the data

e Plot the contribution ratios of the principal
components and determine up to which principal
component is needed to reach a cumulative
contribution ratio of 90%.
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o ROT—HZIERELAREWL (150, 73EX1)

eboston house.csv (MV(FR<)

0 BT —HEEMD DL, BZEMDETT

F—A%JT0OY M UIREL)

o IR DB FTEATOY . 573

R ETENIE,
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e Normalize the following data (mean O, variance 1)
e boston_house.csv (excluding MV)

e Analyze each data as a principal component and
plot the data up to the second principal
component.

e Plot the contribution ratios of the principal
components and determine up to which principal
component is needed to reach a cumulative
contribution ratio of 80%.
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e Principal component analysis can be performed by
performing covariance and eigenvalue
decomposition of the following data without using
the PCA function.

e wine_data.csv (excluding quality)
*Note) It is separated by ;|

e Each data is analyzed as a principal component,
ar?ddup to the second principal component. Plot
the data



