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-Dimension reduction
Dimension reduction (pca, cca, pcoa, lda)

-Supervised learning
k-fold validation
bootstrapping

cf: Scikit (python)
Classifier background + over-fitting
Linear



Dimension reduction



Curse of dimension

Ex: gene feature



PCA (principal component analysis)

- Find a PC axis to maximize the variance of the data  Distribute samples to maximize the variance

- Number of PC == Number of features or <= sample size
 Usually, we have more features (~20k)
 Each PCs: explain the variance of the data
 Using only a few PCs: Dimension reduction
Advantage: among confounding effects, noise, we can solely 
capture the biological difference 
(or meaningful information)
+ data representation & visualization (20K genes  2 PCs)



PCOA (Principal Coordinate Analysis)
-Similarity-based
Distance matrix: D

PCA (Eigendecomposition)

Microbiome: species similarity



LDA (Linear Discriminant Analysis)

-Maximize the variance across memberships
-Minimize the variance within each membership



CCA (Canonical Correlation Analysis)
*Canonical Correlation Analysis (CCA)

𝑥̅ =  ෍ 𝑎௜𝑥௜

𝑦ത =  ∑ 𝑏௝𝑦௝

- x,y: gene expression for each group
- Linear combination for each group
 Maximize the correlation between 𝑥̅ & 𝑦ത





Supervised learning























Over-fitting

Although over-fitting explains the test set very well,
It cannot be used for “new data”



Over-fitting

Within calibration range



Over-fitting

Within calibration range



Over-fitting

Outside of calibration range

?









Linear regression
Logistic regression



Linear regression

• Hypothesis: 𝐻 𝑥 = 𝑊𝑥 + 𝑏

• Cost function: 𝑐𝑜𝑠𝑡 𝑊, 𝑏 =  
ଵ

௠
∑ 𝐻(𝑥௜) −  𝑦௜ ଶ

 ௠
௜ୀଵ

• Gradient descent algorithm



Linear regression
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• 𝐻 𝑥 = 𝑊𝑥 + 𝑏

 Let’s start with W=1, b=1

• 𝑐𝑜𝑠𝑡 𝑊, 𝑏 =  
ଵ

௠
∑ 𝐻(𝑥௜) −  𝑦௜ ଶ

 ௠
௜ୀଵ


ଵ

ସ
( ([1*1+1] – 3.2)^2 + 

([1*3+1] – 6   )^2 + …)

 cost: 
ଵ

ସ
 (1.44+4+4+100)

=  27.36
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Linear regression
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• 𝐻 𝑥 = 𝑊𝑥 + 𝑏

 Let’s start with W=1, b=1

• 𝑐𝑜𝑠𝑡 𝑊, 𝑏 =  
ଵ

௠
∑ 𝐻(𝑥௜) −  𝑦௜ ଶ

 ௠
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
ଵ

ସ
( ([1*1+1] – 3.2)^2 + 

([1*3+1] – 6   )^2 + …)

 cost: 
ଵ

ସ
 (1.44+4+4+100)

=  27.36

 W=2, b=1

• 𝑐𝑜𝑠𝑡 𝑊, 𝑏 =  
ଵ

௠
∑ 𝐻(𝑥௜) −  𝑦௜ ଶ

 ௠
௜ୀଵ


ଵ

ସ
( ([2*1+1] – 3.2)^2 + 

([2*3+1] – 6   )^2 + …)

 cost: 
ଵ

ସ
 (0.04+1+4+4)

=  2.26
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Linear regression
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• 𝐻 𝑥 = 𝑊𝑥 + 𝑏

 Let’s start with W=1, b=1

• 𝑐𝑜𝑠𝑡 𝑊, 𝑏 =  
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 W=2, b=1

• 𝑐𝑜𝑠𝑡 𝑊, 𝑏 =  
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Linear regression

• Cost function: 𝑐𝑜𝑠𝑡 𝑊, 𝑏 =  
ଵ

௠
∑ 𝐻(𝑥௜) −  𝑦௜ ଶ

 ௠
௜ୀଵ

• min
ௐ,௕

𝑐𝑜𝑠𝑡(𝑊, 𝑏)

How to minimize it? 



Linear regression

• Simplified hypothesis and cost
• 𝐻 𝑥 = 𝑊𝑥

• 𝑐𝑜𝑠𝑡 𝑊 =  
ଵ

௠
∑ 𝐻(𝑥௜) −  𝑦௜ ଶ

 ௠
௜ୀଵ

• 𝑐𝑜𝑠𝑡 𝑊 =  
ଵ

௠
∑ 𝑊𝑥௜ −  𝑦௜ ଶ

 ௠
௜ୀଵ
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Linear regression

• Gradient descent algorithm
- Minimize cost function
- 𝑊𝑛𝑒𝑤 = 𝑊 - gradient* 𝑐𝑜𝑠𝑡 𝑊
gradient: partial differentiation (assuming it is independent variables)

- 𝑊𝑛𝑒𝑤 = 𝑊− 𝛼
డ

డௐ
∗ 𝑐𝑜𝑠𝑡 𝑊

- 𝑊 := 𝑊 - 𝛼
డ

డௐ
∗ 𝑐𝑜𝑠𝑡 𝑊

Ex)

• 𝑐𝑜𝑠𝑡 𝑊 = 𝛼
డ

డௐ

ଵ

ଶ௠
∑ 𝑊𝑥௜ −  𝑦௜ ଶ

 ௠
௜ୀଵ

• 𝑐𝑜𝑠𝑡 𝑊 = 𝛼
ଵ

ଶ௠
∑ 2 𝑊𝑥௜ −  𝑦௜ 𝑥௜  ௠

௜ୀଵ

• 𝑊 := 𝑊 - 𝛼
ଵ

௠
∑ 𝑊𝑥௜ − 𝑦௜ 𝑥௜  ௠

௜ୀଵ



Linear regression

• Phenotype = Linear regression (Gene1 expression)
Ex): Cell size, height, …

Gene1 expression

P
he

no
ty

p
e 



Multi-variable Linear regression

• But! What if there are multiple variables?

Gene1

Gene2

Gene3
Gene4

Gene5



Multi-variable Linear regression

• 𝐻 𝑥ଵ, 𝑥ଶ, 𝑥ଷ = 𝑤ଵ𝑥ଵ +  𝑤ଶ𝑥ଶ +  𝑤ଷ𝑥ଷ + 𝑏

• 𝐻 𝑥ଵ, 𝑥ଶ, 𝑥ଷ  … , 𝑥௡ = 𝑤ଵ𝑥ଵ +  𝑤ଶ𝑥ଶ +  𝑤ଷ𝑥ଷ +  … + 𝑤௡𝑥௡ +  𝑏



Multi-variable Linear regression
• Matrix dot product



Multi-variable Linear regression

• 𝐻 𝑥 = 𝑊𝑥

• (𝑥ଵ, 𝑥ଶ, 𝑥ଷ)  ȉ

𝑤ଵ

𝑤ଶ

𝑤ଷ

= 𝑤ଵ𝑥ଵ + 𝑤ଶ𝑥ଶ +  𝑤ଷ𝑥ଷ  one sample

 many samples

 𝐻 𝑋 =XW



Linear regression

• Phenotype = Linear regression (gn1, gn2, gn3, … expression)
Ex): Cell size, height, …

Gn1,2,3, … expression

P
he

no
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