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Integration of multi-omics data
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Advanced Dimension reduction technigues to

Intrinsic dimension
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Dimensionality reduction
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Dimensionality Reduction

Y
Feature Extraction

Y Y
Unsupervised Supervised
Technique Technique
v | Y v Y
Linear Non-linear Linear Non-linear
Method Method Method Method
PCA KPCA LDA

Kemel local Fisher
discriminant analysis

L
Feature Selection

| J \ J
Unsupervised Supervised
Technique Technique
¥ Y . J Y
Linear Non-linear Linear Non-linear
Method Method Method Method
. Mutual
SNR-based method Bhattacharyya distance . ﬁ];n?:.mn



2SN Sl

Optimization



Optimization

Rastrigin function ot




TP4

TP3

TP2

TPI

TP12

TP11

Tr10

P9




_ U [2Ju) (EYIY

YOS OWE OB OEN O BT EN BN N BT N OB OB EE O

E OET N OB OEr mm B e T BT R B NN OB O B BT ER O OB A EE e Rl EE CEE BN T BN OB I B B T T T OEN W O .




Curse of Dimensionality
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Clustering methods
Mean shift
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A. Gaussian mean-shift (MS) algorithm

forne{l,...,N}
X — X,
repeat

Vn: p(n|x) + —— (=2 lle—xn)/a)1?)

B. Gaussian blurring mean-shift (BMS) algorithm

SN exp (—4ll(x—x,)/a]?)
X < Zi:] p(nlx)x,
until stop
Zp — X
end
connected-components({z, }2_, .€)

repeat
for me {1,....N}

exp (—%H(xm—xn}fcrﬂz)
N exp (<2 em—x,0)/0l?)
Vm Zi::l p(n|xm,)xn,
end
Vm: X < Ym
until stop
connected-components({x, }2_, .¢)

Vn: p(n|x) +

C. Gaussian MS algorithm in matrix form

Z=X
repeat

W = (oxp (=3 (2 —%0)/0]1)),.,.

D = diag (), wam )
Q=WD"!
7 — XQ
until stop _
connected-components({z, }_, .¢)

D. Gaussian BMS algorithm in matrix form

repeat
2
W= (exp (2 e = x0)/1),..
D = diag (3, wun)
P=WD!
X =XP
until stop
connected-components({x, }2*_, ,¢)




Algorithm 1 Structure of the Mean Shift algonthm.

Data: X = {x;} - input image, ¥ = {y;} - output image, Iﬁrr" - [&',5”,:;-;“') - pixel at position "' with color vector "’

.E:i:‘??;;r:l - processing block centered at ;j" & = 107" - stopping criterion

- i+l 7] . .
f: move center of 5, o F :-J -‘ (rounding to the nearest integer)

I: for each image pixel x; € X do

2 r=1, .r,'-]:' = x; (initialization)

3 do

4 I+ . _

5 calculate .IE” = (ﬁ::“,ﬂ::”} according to (13)
. while [[x" —x'" | = ¢

8: L=(§

o: end for

(1]

(2]
;

)



Mean-shift offset Spatial kernel Color weight Lyixel offset

\ 2 K\(Xi'X) W\(Xi) (X;-x)
2 K(x;-x) w(x;)

Normalization factor
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