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Review

» Before we explain PCA, we need to 1 &
review the mathematical meaning * :EZ’Q

of three basic descriptive statistics, 2
including  expectation, variance, 4 (x) =2 = i=1 (% — w?
and covariance. \ "

* [n previous courses or your _ lzn:(xi Y
understanding, these three =

parameters usually perform as

. Cov(x,y) :li(xi_/v‘x)(%_.u )
above equations. n & g
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2. your observation the relationship between x and y?
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Is there any statistical indicator to describe
the relationship between x and y?
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n
i=1

= 1 1 n 1 n
ReV|eW w=—) x | var(x) =o* =EZ(xi—u)2 | Cov(x,y) :EZ(xi_.ux)(Yi_ﬂy)

« Pearson’s correlation coefficient

« Given two parameters x; and y;, A -.
where i ranges from 1 to n. t..,,,,.;*"' °
Then, Pearson’s correlation e et

coefficient could be defined as follows. - -

i=1(x; — Mx)(yl' - My) Question 1

If x is highly correlated with vy,

p —
2
\/Z?:l(xi — Uy )? ?:1(371' —My) and then what do you expect
from their covariance and
standard deviations?
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Review -

1w 1%
x; | var(x) = 0? = Ez(xi —w? | Cov(x,y) = 52(%‘ - .le)()’i — lly)
i=1 i=1

-

Il
[uxy
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* Expectation
E(X) = z xP(X =x) =y  Characteristics of Expectation
= E(aX+bY)=aE(X)+bE(Y),a,b€eR

. Variance X and Y can be independent or

var(X) = E([X — u]?) dependent.

= E(X?* —2uX + u?)

= E(X?) — 2uE(X) + p? E(XY) =EX)E(Y)

= E(X?) — 2p* + p* Where cov(X,Y) = 0

=E(X?) —p?

= E(X?) — E(X)*
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. E(aX+bY)=aE(X)+bE(Y),a,beR
Review X and Y can be independent or dependent.
E(XY) = E(X)E(Y)

Where cov(X,Y) =0

Covariance

 If x and y are independent...
var(X+Y) = var(X) + var(Y)
* If x and y are dependent...
var(X +Y) =E((X+Y)—EX +Y)]?)

= ([ +1) = (EX) + EQD)])
= E([(x - E®) + (v - ED)T)
=5 (X = BOOY + 2(X = BCO)(Y — ) + (v — )Y’

=E|(x—ECO) |+ E (v - EW)"| +2E[(x = EQO)(Y — E(V))]
= var(X) + var(Y) + 2cov(X,Y)
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Why Do We Need Dimension Reduction?

* Here comes the first question into your mind.
* Why do we need dimension reduction?
* What's the importance of dimension reduction?

« Can we directly import all datasets into your model without dimension
reduction?

 Statistical models (e.g., linear regression) have several
assumptions when you adopt them. One of them is “all
variables have to be linearly independent,” indicating no
collinearity.

 To achieve this goal, various methods were developed for
orthogonalizing parameters and reducing the dimension of the
dataset, such as PCA, LDA, LLE, and Laplacian Eigenmaps.
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PCA — Geometry

1
U= nle | var(x) = o? Z(xl )2 | Cov(x,y) = Z('xl .ux)(yl .uy)

i=1
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Find an axis to maximize the variance of all
data points onto projection line.

-2 -1 0 1 2
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PCA — Geometry

« Given a point “x” and project onto a vector “v” T oy
cosf = —
X [l (v
T T
xi _ % xi vV
- Xi||cosO = ||x
vV Ix; I IxLIIIIVII vl
if visunitvector ... ||v|| =1
T
Xi' vV
— . — xlT -V
vl

Chun-Hsiang Chan (2026)

11



PCA — Linear Algebra

= XTu = solve P

Chun-Hsiang Chan (2026)

12



PCA — Linear Algebra

J@) =||P?|| = PP = XTw)!(XTuw) =u XXTu
argmax J(u) =u! XX"u, where subject tou'u =1

Add Lagrange multiplier
argmax J(u, ) =u!' XXTu + A2(1 —u'u)
u,A

Vo J(w, ) =V (uTXXTu + 2(1 —uTu)) =0
= 2XXTu —2Alu =0
= XXTu = Alul — eigenvector Au = lu

} !

cov(X) eigenvalue

Chun-Hsiang Chan (2026)
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PCA — Linear Algebra

When u is the eigenvector
J) =P =u"XXTu=u"Au = uTu=2 XXTu = Au

Given an eigenvector, the total square of Ar) eigen_vector is @ symmetry matrix
projected values is the eigenvalue = 1 t1s N unitvector

wul =uTu=1
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PCA — Characteristics
XXTu = Au
A is a square symmetric matrix has orthogonal A" e'genvector is a symmetry matrix

u IS a unit vector

eigenvectors with different eigenvalues. uu” = uTu =1
X1, Al]a [xZJ /12]

:
Axi = A x T. _ T
) 11 ArXq" Xy = Axq" X3

Ax; = Axx, x1Tx,(A, — A1) =0
X1 Axy = %1 Aaxy = Apxy" Xy Orthogonal Al eigenvalues
XlTATXZ = (Axl)sz = (Alxl)sz — Alxlsz x:'x, =0 are different

(+ A € symmetric matrix, ~ A = A")

Equal

Chun-Hsiang Chan (2026) 15



PCA — Characteristics

« Conversion between orthogonal bases
1,ifi=]

T
u. ° u — u . u — .
L Lt {O, otherwise

U=|u, u, .. ug|l=20u=1=0"1=yT7

X = YU T YUy + -+ YaUg = U1 U

>y=U"1x=U"x

Chun-Hsiang Chan (2026)

1[V1]
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PCA — Princial Components

Principal components (P(C)

» Centered Matrix (AV*P with N samples and p features)
Acenterea = A — A

« Compute the covariance matrix

— T ;
S = NAcenteredAcentered» S € p X pmatrix

* Apply Eigen Decomposition
SV =AV
V (eigenvectors) define principal component directions
A (eigenvalues) define variance explained by each PC

Chun-Hsiang Chan (2026)
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PCA — Principal Components

* The eigenvectors of S are the Principal Components (PCs)
PC = AcentereaV

 Using Singular Value Decomposition (SVD)
Acentered = uzv?’

U contains left singular vectors

2 contains singular values
V' contains right singular vectors (principal component directions)

PC = A pnieregV = UZVTV

V'V =1, AcentereaV = UL = PC

Each row of PC is a transformed data point
Columns of PC correspond to principal compornents.

Chun-Hsiang Chan (2026) 18



PCA — Principal Components

« Compute PCA to Covariance Matrix

 PCA is based on the Eigen Decomposition of the covariance matrix
1
S — NATA
 Using Singular Value Decomposition (SVD)
ATA=wzvHrwzvhH =vxtutozy?
e Since U is orthogonal, UTU =1
ATA=vxtxyy?

 Divide by N

1 ATA = 1VZTZVT

N N

Chun-Hsiang Chan (2026) 19



PCA — Principal Components

r - 1 >ry .
NA A—NVZ 2V _VTV
* From Eigen Decomposition, the eigenvalues of S are:
>y
EETN

 Taking the square root:

> =+/NVE

Chun-Hsiang Chan (2026)
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PCA — Variable Loading

* From the covariaqce matrix, we can obtain variable loading
cov(A, PC) = NATPC, v cov(X,Y) = E[(X — u) (Y — 1y)]
« Subsitution with PC = UX T A onteredV
cov(4, PC) = NATUZ, where £ = VNE

 Since E is just a scaling factor; therefore, we may approximate

1 VN 1
cov(4, PC) = NATU\/_ = TATU = \/—NATU

Chun-Hsiang Chan (2026) 21



PCA — Variable Loading

1
cov(A,PC) = —ATU
WPO=TR
 Since Singular Value Decomposition (SVD)
AT = (UuzvDT = vxTyT
cov(A,PC) =—=VxTUTU
WPO=TR

» Since U is an orthogonal matrix, . UTU = I, and X is a diagonal

matrix with singular valuesl, 22T = Z,land Y =+/NE
cov(A,PC) = —VX =V —+/NE = VVE
VN VN

Chun-Hsiang Chan (2026)
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PCA — Variable Loading

* Finally, the variable loading could be obtained

List
Vist
Eist

cov(A,PC) = L = VVE
ne variable loading of each PC
ne eigenvector of A

ne eigenvalues of A

Chun-Hsiang Chan (2026)
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PCA — Steps of PCA

The Steps of PCA

1. Find the sample mean u = %Z’{;lxi

2. Subtract mean

3. Compute covariance matrix C = %XXT = %Z?zl(xi —uw) (x; — 1)
4. Find the eigenvalues of C and arrange them into descending

order
Al > AZ > e > /ld, {ul,uZ, ...,ud}
5. The transformationis y = U X.

Chun-Hsiang Chan (2026) 24



PCA — Python Tutorial

* As mentioned earlier, Principal Component Analysis (PCA) can
be computed using different methods, each with its own
advantages:

1) Pre-built Libraries:

The simplest approach is using sklearn.decomposition
.PCA, which internally applies Singular Value
Decomposition (SVD) for numerical stability and efficiency.

Chun-Hsiang Chan (2026) 25



PCA — Python Tutorial

2) Eigen Decomposition:
This method computes eigenvalues and eigenvectors of
the covariance matrix (A" A/N), where eigenvectors define
the principal component directions and eigenvalues
Indicate the explained variance. It works best when the
covariance matrix is well-conditioned.

3) Singular Value Decomposition (SVD):

Instead of explicitly computing the covariance matrix, SVD
decomposes the mean-centered data matrix as A = UV

« While eigen decomposition offers an intuitive understanding,
SVD is generally preferred for its robustness and efficiency.

Chun-Hsiang Chan (2026) 26



PCA - sklearn.decomposition.pca

# define a m a trix with 200 samples with two features

rn_state = np.random.RandomsState(1). x2D o 1 2 3

# 2x200 -> 200x2

A2D = np.dot(rn_state.rand(2, 2),
rn_state.randn(2, 200)).T

# define a matrix with seven samples
# and five features

A5D = np.array([[1,3,5,7,8],[5,3,7,4,7], .
[4,2,7,9,4],[3,7,9,2,8), [1,7,3,9,4], | |
[1,2,5,2,6],[6,4,7,4,9]]) S .

Chun-Hsiang Chan (2026) 27
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PCA - sklearn.decomposition.pca

# set the number of components for PCA model
pca2D = PCA(n_components=2)
pcadD = PCA(n_components=5)

# fit PCA model

pca2D fit(A2D) pcasD.fi(ASD)
_____________________________ e » -~ .
PCA‘“—C°"‘p°“e"tS=2) PCA(n_components=5)

Chun-Hsiang Chan (2026)
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PCA - sklearn.decomposition.pca

# principal component - eigenvector
# (n_components, n_features)
print(pca2D.components )

[[-0.
[-0.

94446029 -0.32862557]
32862557 0.94446029]]

print(pcaSD.components )

[[-2.
4

[ 6.
-4
[-4.
-6.
[-4.
8.
[-5.
2.

84777513e-01 1.33828752e-02 -4.01328150e-01 7.56452377e-01

.30625340e-01]

37290518e-01 -6.01836596e-01 2.90984089%9e-01 3.81084174e-01

.19120474e-02]

04144877e-01 -7.88343623e-01 -3.10944893e-01 -3.38567133e-01
21837647e-02]

55042776e-04 -5.10904099e-02 -3.73205245e-01 3.01380387e-01
75943646e-01]

91125431e-01 -1.16265701e-01 7.19927145e-01 2.77663127e-01
04110524e-01]1 Chun-Hsiang Chan (2026)
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PCA - sklearn.decomposition.pca

# elgenval ueS 4 variance explained Lo propotion of variance explained
print(pca2D.explained_variance_)
print(pcaSD.explained variance )

[0.7625315 0.0184779]
[13.48994148 5.38421307 4.33804606 1.80323359 0.98456579]

# variance explained ratio
print(pca2D.explained_variance_ratio_)
print(pcaSD.explained_variance_ratio_) |

0.6 -

0.4 -

variance explained
propotion of variance explained

0.2 4

[0.97634101 0.02365899] °1 2 3 2 5 6 T 2 3 2 5
[0.5188439 0.20708512 0.16684793 0.06935514 0.03786791] principal components principal components

# variance explained ratio
print(pca2D.explained_variance /sum(pca2D.explained_variance ))

print(pca5D.explained variance /sum(pcaS5D.explained_variance ))

[0.97634101 0.02365899]
[0.5188439 0.20708512 0.16684793 0.06935514 0.03786791]

Chun-Hsiang Chan (2026) 30



PCA - sklearn.decomposition.pca

# project data onto PC1

pcalD = PCA(n_components=1)

pcaiD.fit(A2D)

#Apca = Acenterea X V

A2D pca1D = pcailD.transform(A2D)

A5D pcabD = pcabD.transform(A5D)

print("original shape: ", A2D.shape) original shape: (200, 2)
print("transformed shape:", A2D_pca1D.shape)transformed shape: (200, 1)
print("original shape: ", A5D.shape) original shape: (7, 5)
print("transformed shape:", A5D_pca5D.shape) transformed shape: (7, 5)
# Areconstructed = pca X vl +A

A2D new1D = pcal1D.inverse transform(A2D pca1D)

A5D new5D = pcasSD.inverse transform(A5D pca5D)

Chun-Hsiang Chan (2026) 31



PCA - sklearn.decomposition.pca

3

principal component

projected data onto PC1

3
2_
1_
5 5. @
» e
o me, |
) o‘ .’%l
_1-
_2_
T T _3 T
-3 -2 -1 0 1 2 3 -3 -2 -1 0 1 2
X1 X1

Chun-Hsiang Chan (2026)
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PCA - sklearn.decomposition.pca

# convert to DataFrame

A5D new5D = pd.DataFrame.from_records(A5SD pca5D,
columns=[f"PC{i+1}" for i in range(A5SD_new5D.shape[1])])

A5 D n ew5 D PC1 PC2 PC3 PC4 PC5

g ~

(]

1.696429

-2.084069

3.261464

-4.207169

5.788023

-1.237965

-3.216714

-0.411885

1.617905

3.613608

-2.286135

-2.471383

-1.631645

1.569535

1.282764

0.122180

-0.191616

-2.229844

-1.677120

3.888311

-1.194676

2.246521

-0.281795
-1.351178
-0.958474
-0.112444

-0.961178

1.418547

Chun-Hsiang Chan (2026)

1.243323

-0.718424

0.764951

1.087402

-0.922710

-0.436948

-1.017594
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PCA - sklearn.decomposition.pca

# variable loading calculation
variable_loading = pca2D.components_.T * np.sqgrt(pca2D.explained_variance_)
print(variable_loading) Pc1 PC2

[[-0.82473153 -0.0446712 ]
[-0.28696587 0.12838372]]

0.1

0.0 A
-0.4 1

—-0.1 1

Variable Loadings
Variable Loadings

—0.6

—0.2 1

—0.8 A1

-0.3

-1.0 T -0.4
X1 X2 X1 X2
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PCA - Singular Value Decomposition

# standardized matrix
A_centered = A5SD - np.mean(AS5D, axis=0)

A_centered

array([[-2. , —1. , -1.14285714, 1.71428571, 1.42857143],
[ 2. , —1. , 0.85714286, -1.28571429, 0.42857143],
[ 1. , —2. , 0.85714286, 3.71428571, -2.57142857],
[ 0. , 3. , 2.85714286, -3.28571429, 1.42857143],
[-2. , 3. , —3.14285714, 3.71428571, -2.57142857],
[-2. , —2. , —1.14285714, -3.28571429, -0.57142857],
[ 3. , 0. , 0.85714286, -1.28571429, 2.42857143]1)

Chun-Hsiang Chan (2026) 35



PCA - Singular Value Decomposition

# compute SVD
U, S, Vt = np.linalg.svd(A _centered, full_matrices=False)

Chun-Hsiang Chan (2026)
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PCA - Singular Value Decomposition

# proof A = UXVT
e print(np.round(A_centered, 3))
» print(np.round(U @ np.diag(S) @ Vt, 3))

[[-2. -1. -1.143 1.714 1.429] [I[-2. -1. ~1.143 1.714 1.429]
[ 2. -1. 0.857 -1.286 0.429] [ 2. -1. 0.857 -1.286 0.429]
[ 1. -2. 0.857 3.714 -2.571] [ 1. -2, 0.857 3.714 -2.571]
[ 0. 3. 2.857 -3.286 1.429] [ 0. 3. 2.857 -3.286 1.429]
[-2. 3. -3.143 3.714 -2.571] [-2. 3. -3.143 3.714 -2.571]
[-2. -2. ~1.143 -3.286 -0.571] [-2. -2. -1.143 -3.286 -0.571]
[ 3. 0. 0.857 -1.286 2.429]11 [ 3. 0. 0.857 -1.286 2.429]]

Chun-Hsiang Chan (2026) 37



PCA - Singular Value Decomposition

# extract principal components (PC directions)
principal_components = Vt.T # Right singular vectors

principal_components

array([[ 2.84777513e-01, 6.37290518e-01, -4.04144877e-01,
-4.55042776e-04, -5.91125431e-01],
[-1.33828752e-02, -6.01836596e-01, -7.88343623e-01,
-5.10904099e-02, -1.16265701e-01],
[ 4.01328150e-01, 2.90984089e-01, -3.10944893e-01,
-3.73205245e-01, 7.19927145e-01],
[-7.56452377e-01, 3.81084174e-01, -3.38567133e-01,
3.01380387e-01, 2.77663127e-01],
[ 4.30625340e-01, -4.19120474e-02, -6.21837647e-02,
8.75943646e-01, 2.04110524e-01]])

Chun-Hsiang Chan (2026)
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PCA - Singular Value Decomposition

# compute projected data (Principal Component Scores)

A pca=U @ np.diag(S) :
print(A_pca)

|
WRUBRWNRE

# equivalent to A _centered @ principal _components
A _pcal =A _centered @ Vt.T
print(A_pca1)

[

WRUBRWNR

Chun-Hsiang Chan (2026)

.69642934 -0.41188488 1.28276422 2.
.0840688 1.61790489 0.12218009 -0.
.26146374 3.61360798 -0.19161578 -1.
.20716867 -2.28613474 -2.22984393 -0.
.78802326 -2.4713829 -1.67711969 -0.
.23796474 -1.63164506 3.88831104 -0.
.21671412 1.56953472 -1.19467594 1.

.69642934 -0.41188488 1.28276422 2.
.0840688 1.61790489 0.12218009 -0.
.26146374 3.61360798 -0.19161578 -1.
.20716867 -2.28613474 -2.22984393 -0.
. 78802326 -2.4713829 -1.67711969 -0.
.23796474 -1.63164506 3.88831104 -0.
.21671412 1.56953472 -1.19467594 1.

24652093
28179454
35117808
95847371
11244403
96117788
4185473

24652093
28179454
35117808
95847371
11244403
96117788
4185473

-1

. 24332308]
.71842426]
.76495093]
.08740236]
.92270986]
.4369479 ]
.01759434] ]

.24332308]
.71842426]
.76495093]
.08740236]
.92270986]
.4369479 ]
.01759434] ]
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PCA - Singular Value Decomposition

# compute Variance Explained = S2/(N-1)

variance_explained = (S**2) / (ASD.shape[0] - 1)

print(variance_explained)

[13.48994148 5.38421307 4.33804606 1.80323359 0.98456579]

# convert to DataFrame for better readability

A_pca df = pd.DataFrame(A_pca, columns=[f"PC{i+1}" for i
in range(A_ pca shape[1])])

A _pca_ df PC1 c2  Pc3  PC4  PCS

-1.696429 -0.411885 1.282764 2.246521 1.243323

2.084069 1.617905 0.122180 -0.281795 -0.718424
-3.261464 3.613608 -0.191616 -1.351178 0.764951
4207169 -2.286135 -2.229844 -0.958474 1.087402
-5.788023 -2.471383 -1.677120 -0.112444 -0.922710
1.237965 -1.631645 3.888311 -0.961178 -0.436948

Chun-Hsiang Chan (2026)
3.216714 1.569535 -1.194676 1.418547 -1.017594
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PCA - Eigen Decomposition

# centered matrix
A_centered = ASD - np mean(ASD, axis=0)

array( [

A_centered

[-2
[ 2
[ 1.
[ 0.
[-2
[-2
[ 3.

—1.
-2.
3.
3.
-2.
Q.

L T

- 0w W e w ow oW

1.14285714, 1.71428571, 1.42857143],
6.85714286 -1.28571429, 0.42857143],
0.85714286, 3.71428571, —2.57142857],
2.85714286, -3.28571429, 1.42857143],
3.14285714, 3.71428571, -2.57142857],
1.14285714, -3.28571429, -0.57142857],
0.85714286, -1.28571429, 2.42857143]])

# compute the covariance Matrix
S = np.cov(A_centered, rowvar=False)

S

array([[ 4.
-1.
[-6.
-1.
[ 2.
-3.
[-1.

9.
[ 1.
-3.

33333333e+00,
16666667e+00,
66666667e-01,
48029737e-16,
66666667e+00,
04761905e+00,
16666667e+00,
23809524e+00,
50000000e+00,
85714286e+00,

-6.
.50000000e+00] ,
.66666667e+00, 7.40148683e-17,
.66666667e-01],
.40148683e-17, 3.80952381e+00,
.90476190e+00] ,
.48029737e-16, -3.04761905e+00,
.85714286e+00] ,
.66666667e-01, 1.90476190e+00,
.95238095e+00] 1)

WRWRRNR AR

66666667e-01, 2.66666667¢e+00,
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PCA - Eigen Decomposition

# compute eigenvalues and eigenvectors
eigenvalues, eigenvectors = np.linalg.eig(S)

print(eigenvalues)

[13.48994148 5.38421307 4.33804606 0.98456579 1.80323359]

print(eigenvectors)

[[-2.84777513e-01 6.37290518e-01
—-4.55042776e-04]

[ 1.33828752e-02 -6.01836596e-01
-5.10904099%e-02]

[-4.01328150e-01 2.90984089e-01
-3.73205245e-01]

[ 7.56452377e-01 3.81084174e-01
3.01380387e-01]

.30625340e-01 -4.19120474e-02
. 75943646e-01] ]

—4.04144877e-01 5.91125431e-01

—7.88343623e-01 1.16265701e-01

—3.10944893e-01 -7.19927145e-01

—-3.38567133e-01 -2.77663127e-01

—6.21837647e-02 -2.04110524e-01
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PCA - Eigen Decomposition

# sort eigenvectors by largest eigenvalues

sorted_indices = np.argsort(eigenvalues)[::-1] # descending order
eigenvalues = eigenvalues|[sorted_indices]

eigenvectors = eigenvectors|:, sorted_indices]
print(sorted_indices) (o 12 4 3

print(eigenvalues) [13.48994148 5.38421307 4.33804606 1.80323359 0.98456579]
print(eigenvectors)  !l72:81777513e-01 6.37290518e-01 ~4.04144877¢-01 ~4.55042776e-04

5.91125431e-01]
[ 1.33828752e-02 -6.01836596e-01 -7.88343623e-01 -5.10904099%e-02
1.16265701e-01]
[-4.01328150e-01 2.90984089e-01 -3.10944893e-01 -3.73205245e-01
-7.19927145e-01]
[ 7.56452377e-01 3.81084174e-01 -3.38567133e-01 3.01380387e-01
-2.77663127e-01]

[-4.30625340e-01 -4.19120474e-02 -6.21837647e-02 8.75943646e-01 43
-2.04110524e-01]1]



PCA - Eigen Decomposition

# compute principal component scores (project data)

# transform data onto PCA space
A _pca = A_centered @ eigenvectors
print(A_pca)

[

[-
[
[-
[
[-
[-

1.

WI—\U'I-hUUN

69642934
.0840688

.26146374
.20716867
. 78802326
.23796474
.21671412

-0.
.61790489
3.
.28613474
.4713829

-1.

1

-2
-2

1

41188488

61360798

63164506

.56953472

.28276422
.12218009
.19161578
.22984393
.67711969
.88831104
.19467594

.24652093 -1.24332308]
.28179454 0.71842426]
.35117808 -0.76495093]
.95847371 -1.08740236]
.11244403 0.92270986]
.96117788 0.4369479 ]
.4185473

1.01759434]]
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PCA - Eigen Decomposition

# convert to DataFrame for better readability
A _pca_df = pd.DataFrame(A_pca, columns=[f"PC{i+1}" for i

in range(A_pca.shape[1])])

A pca df

PC1

PC2

PC3

PC4

PC5

0

1

o O A~ O DN

1.696429

-2.084069

3.261464

-4.207169

5.788023

-1.237965

-3.216714

-0.411885
1.617905
3.613608

-2.286135

-2.471383

-1.631645

1.569535

1.282764

0.122180

-0.191616

-2.229844

-1.677120

3.888311

-1.194676

2.246521

-0.281795

-1.351178

-0.958474

-0.112444

-0.961178

1.418547

Chun-Hsiang Chan (2026)

-1.243323

0.718424

-0.764951

-1.087402

0.922710
0.436948

1.017594
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PCA - Variable Loading

# PCA :: variable loading

loading = pcaSD.components _.T * np.sgrt(pcabD.explained_variance )
# SVD :: variable loading

loading1 = principal_components * np.sqrt(variance_explained)
# Eigen :: variable loading
loading2 = eigenvectors * np.sqrt(eigenvalues)

sklearn.decomposition.pca Singular Value Decomposition Eigen Decomposition
0 1 2 3 4 0 1 2 3 4 0 1 2 3 4

Chun-Hsiang Chan (2026)
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