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import numpy as np S5>25FINT—5H

import matplotlib.pyplot as plt X(ZFH0, EHEREL
= np. . 1, 100 _ .

X = np.random.normal(0, 1, ) Y(EXD3E(C ) A%

y =3 *x+np.random.normal(0, 1, 100) s
#7778 TR tb” .
> —~ DfEER(F100

plt.axis('equal’)
plt.scatter(x, y)

plt.xlabel('x') BIX
plt.ylabel('y')
plt.title('random data')
plt.show()
J1—kK

13



=25 LhT—5 D8R (Google Colaboratory)

° import numpy as np
import matplotlib.pyplot as plt
¥ = np.random.normal (0, 1, 100)
y = 3 % x + np.random.normal (0, 1, 100)
g TS 7ES
plt.axis( equal ")
plt.scatter(x, v)
plt.xlabel ('x")
plt.ylabel ('v")
plt.title( random data’)
plt.show()
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import numpy as np
import matplotlib.pyplot as plt

from sklearn.decomposition import PCA S INF—4
x = np.random.normal(0, 1, 100) X330, RERZEL
y =3 * x + np.random.normal(0, 1, 100) Y (EXD3IME(Z 1 X %=EN

data = np.column_stack((x, y))

T —SDfEER(F100

pca = PCA(n_components=2)

pca.fit(data) N
components = pca.components_ ERRTITIHT
explained_variance = pca.explained_variance_

print(f'Principal components:¥n{components}')

print(f'Explained variance: {explained_variance}') SR 2RI

plt.axis('equal’)

plt.scatter(x, y)

plt.quiver(0, 0, components[0, 0], components|[O, 1], color="r") JOw b~

plt.quiver(0, 0, components[1, 0], components|[1, 1],

color="b")

plt.title('"PCA")

plt.show() 15
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Falibese Aok,

~ ° import numpy as np
1 .
w import matplot!lib.pyplot as plt
from sklearn.decomposition import PCA

x = np.random.normal (0, 1, 100}
y = 3 % x + np.random.narmal (0, 1, 100)
data = np.column_stack((x, v))

pea = PCA(n_components=7]
pca.fit(data)
components = pca.caomponents_

explained wvariance = pca.explained wvariance_

print(f'Principal components:¥n{components}')
print(f'Explained variance: {explained_wvariance}']

plt.
plt.
plt.
plt.
plt.
plt.

axis( equal ")

scatter(x, v)

quiver (0, 0, components[0, 0], components[0, 11, color="r"
quiver (0, 0, components[1, 0], components[1, 1], colar="h"
title("PCA)

show()

Principal components:
[[-0.70555486 -0.95532583]
[ 0.95532583 -0.278556466]]
Explained wariance: [7.87225366 0.0835529 ]

PCA
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Fralibese Aok

import matplotlib.pyplot as plt A R— |~

from sklearn.datasets import load iris . .

iris = load_iris() X,y [c0=F,

X = iris.data (X (& 2 RTDEHI .
y = iris.target y (& 1/R7eDEEH)
print(x) x5

print(y)
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Iris >>—4~twv haO— R (Google Colaboratory*,

A

Padebese

import matplotlib.pyplot as plt

(>

from sklearn.datasets import load iris

¥ = Iris.data
v = Iris.target

print(x)

iris = load iris()
print(v)
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Iris >—4~1tZwv ka0, 17|
(Google Colaboratory) e

import matplotlib.pyplot as plt A R—
from sklearn.datasets import load iris

iris = load _iris()

x = iris.data IrisT—5twy b
y = iris.target O0— R

#77

gl’;ssit}tfr(x[:, 0], x[:, 1]) HSIDRE
plt.xlabel(iris.feature_names[0]) (OB 151t (C)

plt.ylabel(iris.feature_names[1])
plt.title('lIris dataset')

# IR _
plt.show() 2
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Iris >—4~1t2w b0, 15
(Google Colaboratory)

° import matplotlib.pyplot as plt
from sklearn.datasets import load iris

iris = load_iris()

¥ = iris.data

vy = iris.target

L R

plt.scatter(x[:, 01, =x[:, 11)
S EaN |V,

plt.xlabel(iris.feature_names[0])
plt.ylabel(iris.feature_names[1])
plt.title("Iris dataset’)

t F=n
plt.show()
Iris dataset
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(Google Colaboratory)

import numpy as np

import matplotlib.pyplot as plt

from sklearn.decomposition import PCA

from sklearn.datasets import load_iris

from sklearn.preprocessing import StandardScaler

iris = load_iris()
data = iris.data
y = iris.target

scaler = StandardScaler()
data_scaled = scaler.fit_transform(data)

pca = PCA(n_components=2)
data_pca = pca.fit_transform(data_scaled)

plt.scatter(data_pcal:, 0], data_pcal:, 1])
plt.legend(loc="best', shadow=False, scatterpoints=1)
plt.title('PCA of IRIS dataset')

plt.show()
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(Google Colaboratory) o

° import numpy as np
import matplotlib.pyplot as plt
from sklearn.decomposition import PCA
from sklearn.datasets import load_iris
from sklearn.preprocessing import StandardScaler

iriz = lead iris()
data = iris.data
vy = iris.target

# Data Scaling
scaler = StandardScaler()
data scaled = scaler.fit transformidata)

pca = PCA(n_components=2) 1 reduce the dimension to 2
data_pca = pea.fit_fransform(data_scaled)

plt.scatter(data_pcal:, 0], data_pcal:, 11)
plt.legend(loc="hest’, shadow=False, scatterpoints=1)
plt.title('PCA of IRIS dataset’)

plt.show()

WARNING :matplotlib. legend:No artists with labels found to put in legend. No
PCA of IRIS dataset
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F Rk DTz A UM UBEDIE
(Google Colaboratory) .o

Ipip install pyod ’l/ A |\_) L
import numpy as np o
import matplotlib.pyplot as plt ’l/ >7|_\_ |\

from pyod.models.pca import PCA as PCA_pyod
from sklearn.datasets import load_iris
from sklearn.preprocessing import StandardScaler

ris = load_iris() Iris >—4~twv k&

data = iris.data

y = iris.target O— |\
= oh <
scaler = StandardScaler() I|Zi’,j0\ | *T—E'{ﬁ 1(C
data_scaled = scaler.fit_transform(data) Zb__ ) /0
AY > \/_, —
pca = PCA_pyod(n_components=2, contamination=0.1) Eﬁkﬁﬁjﬁ 2 INTG
pca.fit(data_scaled) (SR ToHEIR

y_train_pred = pca.labels_ # binary labels (0: inliers, 1: outliers)
y_train_scores = pca.decision_scores_ # raw outlier scores
M UBDIRH

outlier_mask =y_train_pred !=0 # True for outliers
inlier_mask = np.logical_not(outlier_mask) # True for inliers

data_pca_manual = np.dot(data_scaled, pca.components_.T)
. . » _— it
plt.scatter(data_pca_manual[inlier_mask, 0], data_pca_manual[inlier_mask, 1], color='b', label="Inliers")
plt.scatter(data_pca_manual[outlier_mask, 0], data_pca_manual[outlier_mask, 1], color="r", label="Outliers')
plt.legend()

plt.title('Robust PCA of IRIS dataset')

plt.show() 34
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| -

© imeort rumey as np
import matplotlib.pyplot as plt
from pyod.models.pca import PCA as PCA_pwod
from sklearn.datasets import load_iris
from sklearn.preprocessing import StandardScaler

iris = load_iris()
data = iris.data
¥ = iris.target

scaler = StandardScaler()
data_scaled = scaler .fit_transform(data)

pca = PCA_pyod(n_components=2, contamination=0.1) # contamination parameter is used to control the amount of outliers
pea.fit(data_scaled)

v_train_pred = pca.labels_  binary labels (0: inliers, 1: outliers)
v_train_scores = pea.decision_scores_ # raw outlier scores

outlier_mask = yv_train_pred != 0 # True for outliers
inlier_mask = np.logical _not(out!lier_mask) f True for inliers

data_pca_manual = np.dot(data_scaled, pca.components_.T)

plt.scatter (data_pca_manual[inlier_mask, 0], data_pca manuallinlier_mask, 1], coler="b’, label="Inliers’)
plt.scatter (data_pca_manual[out!ier_mask, 0], data_pca_manual[outlier_mask, 1], color="r’, lahel="0utliers’)
plt.legend()

plt.title( Robust PCA of IRIS dataset’)

plt.show()

Robust PCA of IRIS dataset
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