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Case Study: Major Depressive Disorder (MDD)

Data Unsupervised/1-block Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherSupervised/𝐿-blocks

Taken from Amazigh Mokhtari’s PhD manuscript.
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Case Study: Covariates

Low (≤ 25), High (≥ 30).
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Case Study: Covariates

Low (≤ 25), High (≥ 30). Relative to position on the 
DNAm chip.
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Case Study: Covariates

Relative to blood cell composition (T cells subsets, monocytes, B cells, NK cells and granulocytes) inferred from DNAm.

Low (≤ 25), High (≥ 30). Relative to position on the 
DNAm chip.
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Case Study: Pre-processing

1. Remove miRNA with Nas.
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1. Remove miRNA with Nas.
2. Log Counts Per Million (logCPM) 
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𝑀𝐴𝐷 = 𝑚𝑒𝑑𝑖𝑎𝑛 𝑥𝑖 −𝑚𝑒𝑑𝑖𝑎𝑛 𝐱 , it is a robust estimation of the  standard deviation. 



Disposition : Titre et contenu

5

Case Study: Pre-processing

1. Remove miRNA with Nas.
2. Log Counts Per Million (logCPM) 

normalization.
3. Remove miRNA with a least one 

count below 0 (in the end 350
variables remain).

1. Normalization with Variance 
Stabilizing Transformations (VST; 
package DESeq2).

2. Keep only genes both present in 
males and females.

3. Keep 2000 most variable genes 
according to the Median Absolute 
Deviation (MAD).

Data Unsupervised/1-block Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherSupervised/𝐿-blocksUnsup./𝐿-blocks

𝑀𝐴𝐷 = 𝑚𝑒𝑑𝑖𝑎𝑛 𝑥𝑖 −𝑚𝑒𝑑𝑖𝑎𝑛 𝐱 , it is a robust estimation of the  standard deviation. 



Disposition : Titre et contenu

5

Case Study: Pre-processing

1. Remove miRNA with Nas.
2. Log Counts Per Million (logCPM) 

normalization.
3. Remove miRNA with a least one 

count below 0 (in the end 350
variables remain).

1. Normalization with Variance 
Stabilizing Transformations (VST; 
package DESeq2).

2. Keep only genes both present in 
males and females.

3. Keep 2000 most variable genes 
according to the Median Absolute 
Deviation (MAD).

1. Normalization with Beta-MIxture
Quantile (BMIQ) Normalization 
method (package ChAMP).

Data Unsupervised/1-block Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherSupervised/𝐿-blocksUnsup./𝐿-blocks

𝑀𝐴𝐷 = 𝑚𝑒𝑑𝑖𝑎𝑛 𝑥𝑖 −𝑚𝑒𝑑𝑖𝑎𝑛 𝐱 , it is a robust estimation of the  standard deviation. 



Disposition : Titre et contenu

5

Case Study: Pre-processing

1. Remove miRNA with Nas.
2. Log Counts Per Million (logCPM) 

normalization.
3. Remove miRNA with a least one 

count below 0 (in the end 350
variables remain).

1. Normalization with Variance 
Stabilizing Transformations (VST; 
package DESeq2).

2. Keep only genes both present in 
males and females.

3. Keep 2000 most variable genes 
according to the Median Absolute 
Deviation (MAD).

1. Normalization with Beta-MIxture
Quantile (BMIQ) Normalization 
method (package ChAMP).

2. Remove duplicated samples.

Data Unsupervised/1-block Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherSupervised/𝐿-blocksUnsup./𝐿-blocks

𝑀𝐴𝐷 = 𝑚𝑒𝑑𝑖𝑎𝑛 𝑥𝑖 −𝑚𝑒𝑑𝑖𝑎𝑛 𝐱 , it is a robust estimation of the  standard deviation. 



Disposition : Titre et contenu

5

Case Study: Pre-processing

1. Remove miRNA with Nas.
2. Log Counts Per Million (logCPM) 

normalization.
3. Remove miRNA with a least one 

count below 0 (in the end 350
variables remain).

1. Normalization with Variance 
Stabilizing Transformations (VST; 
package DESeq2).

2. Keep only genes both present in 
males and females.

3. Keep 2000 most variable genes 
according to the Median Absolute 
Deviation (MAD).

1. Normalization with Beta-MIxture
Quantile (BMIQ) Normalization 
method (package ChAMP).

2. Remove duplicated samples.
3. Keep 2000 most variable genes 

according to the Median Absolute 
Deviation (MAD).

Data Unsupervised/1-block Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherSupervised/𝐿-blocksUnsup./𝐿-blocks

𝑀𝐴𝐷 = 𝑚𝑒𝑑𝑖𝑎𝑛 𝑥𝑖 −𝑚𝑒𝑑𝑖𝑎𝑛 𝐱 , it is a robust estimation of the  standard deviation. 



Disposition : Titre et contenu

5

Case Study: Pre-processing

1. Remove miRNA with Nas.
2. Log Counts Per Million (logCPM) 

normalization.
3. Remove miRNA with a least one 

count below 0 (in the end 350
variables remain).

1. Normalization with Variance 
Stabilizing Transformations (VST; 
package DESeq2).

2. Keep only genes both present in 
males and females.

3. Keep 2000 most variable genes 
according to the Median Absolute 
Deviation (MAD).

1. Normalization with Beta-MIxture
Quantile (BMIQ) Normalization 
method (package ChAMP).

2. Remove duplicated samples.
3. Keep 2000 most variable genes 

according to the Median Absolute 
Deviation (MAD).

Finally: individuals common to ALL omics data are kept.

Data Unsupervised/1-block Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherSupervised/𝐿-blocksUnsup./𝐿-blocks

𝑀𝐴𝐷 = 𝑚𝑒𝑑𝑖𝑎𝑛 𝑥𝑖 −𝑚𝑒𝑑𝑖𝑎𝑛 𝐱 , it is a robust estimation of the  standard deviation. 



Disposition : Titre et contenu

2. Unsupervised analysis with one-block



Disposition : Titre et contenu

7

ChAMP’s representation: Kruskal-Wallis test
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ChAMP’s representation: Kruskal-Wallis test

The Kruskal-Wallis test is a generalization of the Wilcoxon-Man-Withney test that works for two samples.
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The following test is used:  H0: 𝛽1 = 0,
H1: 𝛽1 ≠ 0

With the statistic:

𝐹 =
𝑅𝑆𝑆0 − 𝑅𝑆𝑆1

1
×

𝑛 − 2

𝑅𝑆𝑆1
=

σ𝑖 𝑦𝑖 − 𝛽0
2 − σ𝑖 𝑦𝑖 − 𝛽0 − 𝛽1𝑥𝑖

2

1
×

𝑛 − 2

σ𝑖 𝑦𝑖 − 𝛽0 − 𝛽1𝑥𝑖
2

It is possible to show that 𝐹 follows an F-distribution of 1 and 𝑛 − 2 degrees of freedom.

If the variables are strongly linked

Data Unsupervised/1-block Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks Further

 𝑅𝑆𝑆0 ≫ 𝑅𝑆𝑆1  𝐹~
𝑅𝑆𝑆0

𝑅𝑆𝑆1
× 𝑛 − 2 ≫ 𝑛 − 2  The test is likely to be rejected.

If the variables are NOT strongly linked  𝑅𝑆𝑆0~𝑅𝑆𝑆1  𝐹~0
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Data Unsupervised/1-block Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks Further

 𝑅𝑆𝑆0 ≫ 𝑅𝑆𝑆1  𝐹~
𝑅𝑆𝑆0

𝑅𝑆𝑆1
× 𝑛 − 2 ≫ 𝑛 − 2  The test is likely to be rejected.

If the variables are NOT strongly linked  𝑅𝑆𝑆0~𝑅𝑆𝑆1  𝐹~0  The test is likely to be accepted.
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Principle of Principal Component Analysis (PCA)
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Principle of Principal Component Analysis (PCA)

How can we estimate this projection ?

Data Unsupervised/1-block Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherSupervised/𝐿-blocksUnsup./𝐿-blocks

Courtesy to Arthur Tenenhaus, Laurent Le Busquet and Julien Bect.
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Here, we suppose that every variable is centered ⇒ TV =
1
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𝑛 𝐱i 2
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Total Variance – Example in 2D
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Total Variance – Example in 2D

𝐱1 =
6
3
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Τ1 2
. We can see that 𝐰 2 = 1.
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𝐰1,𝐰2

‖𝐰i‖2
2= 1

Var 𝐗1𝐰1 Cor 𝐗1𝐰1, 𝐗2𝐰2 Var 𝐗2𝐰2

From PCA to PLS/CCA

15

Principal Component Analysis (PCA)

Data Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherUnsupervised/1-block Supervised/𝐿-blocksUnsup./𝐿-blocks



Disposition : Titre et contenu

max
𝐰1,𝐰2

‖𝐰i‖2
2= 1

Var 𝐗1𝐰1 Cor 𝐗1𝐰1, 𝐗2𝐰2 Var 𝐗2𝐰2

From PCA to PLS/CCA

15

Principal Component Analysis (PCA)

Data Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherUnsupervised/1-block Supervised/𝐿-blocksUnsup./𝐿-blocks



Disposition : Titre et contenu

max
𝐰1,𝐰2

‖𝐰i‖2
2= 1

Var 𝐗1𝐰1 Cor 𝐗1𝐰1, 𝐗2𝐰2 Var 𝐗2𝐰2

From PCA to PLS/CCA

15

Principal Component Analysis (PCA)

Data Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherUnsupervised/1-block Supervised/𝐿-blocksUnsup./𝐿-blocks



Disposition : Titre et contenu

max
𝐰1,𝐰2

‖𝐰i‖2
2= 1

Var 𝐗1𝐰1 Cor 𝐗1𝐰1, 𝐗2𝐰2 Var 𝐗2𝐰2

From PCA to PLS/CCA

15

Principal Component Analysis (PCA)

Cov 𝐗1𝐰1, 𝐗2𝐰2

Data Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherUnsupervised/1-block Supervised/𝐿-blocksUnsup./𝐿-blocks



Disposition : Titre et contenu

max
𝐰1,𝐰2

‖𝐰i‖2
2= 1

Cov 𝐗1𝐰1, 𝐗2𝐰2

From PCA to PLS/CCA

15

Principal Component Analysis (PCA)

Data Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherUnsupervised/1-block Supervised/𝐿-blocksUnsup./𝐿-blocks



Disposition : Titre et contenu

max
𝐰1,𝐰2

Var 𝐗𝑖𝐰𝑖 = 1

Cov 𝐗1𝐰1, 𝐗2𝐰2

From PCA to PLS/CCA

15

Principal Component Analysis (PCA)

Data Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherUnsupervised/1-block Supervised/𝐿-blocksUnsup./𝐿-blocks



Disposition : Titre et contenu

max
𝐰1,𝐰2

Var 𝐗𝑖𝐰𝑖 = 1

Cov 𝐗1𝐰1, 𝐗2𝐰2

From PCA to PLS/CCA

15

Principal Component Analysis (PCA)

= max
𝐰1,𝐰2

Var 𝐗𝑖𝐰𝑖 = 1

Cor 𝐗1𝐰1, 𝐗2𝐰2

Data Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherUnsupervised/1-block Supervised/𝐿-blocksUnsup./𝐿-blocks



Disposition : Titre et contenu

From PCA to PLS/CCA

15Data Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherUnsupervised/1-block Supervised/𝐿-blocksUnsup./𝐿-blocks



Disposition : Titre et contenu

From PCA to PLS/CCA

15

max
𝐰1,𝐰2

‖𝐰𝑖‖2
2=1

Cov 𝐗1𝐰1, 𝐗2𝐰2

Partial Least Squares (PLS2)

Data Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherUnsupervised/1-block Supervised/𝐿-blocksUnsup./𝐿-blocks



Disposition : Titre et contenu

From PCA to PLS/CCA

15

max
𝐰1,𝐰2

Var 𝐗𝑖𝐰𝑖 =1

Cov 𝐗1𝐰1, 𝐗2𝐰2 max
𝐰1,𝐰2

‖𝐰𝑖‖2
2=1

Cov 𝐗1𝐰1, 𝐗2𝐰2

Canonical Correlation Analysis (CCA) Partial Least Squares (PLS2)

Data Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherUnsupervised/1-block Supervised/𝐿-blocksUnsup./𝐿-blocks



Disposition : Titre et contenu

PLS & CCA with a figure

16

𝐲1 = 𝑤11𝐱1 + 𝑤12𝐱2 𝐲2 ∝ 𝐳

Data Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherUnsupervised/1-block Supervised/𝐿-blocksUnsup./𝐿-blocks



Disposition : Titre et contenu

PLS & CCA with a figure

16

𝐱1 𝐱2 ~𝒩 0,0 ,
1 0.5
0.5 1

𝐲1 = 𝑤11𝐱1 + 𝑤12𝐱2 𝐲2 ∝ 𝐳

Data Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherUnsupervised/1-block Supervised/𝐿-blocksUnsup./𝐿-blocks



Disposition : Titre et contenu

PLS & CCA with a figure

16

𝐱1 𝐱2 ~𝒩 0,0 ,
1 0.5
0.5 1

𝒛 𝑖 = ቊ
0 if 𝐱 𝑖 < 0
1 otherwise

𝐲1 = 𝑤11𝐱1 + 𝑤12𝐱2 𝐲2 ∝ 𝐳

Data Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherUnsupervised/1-block Supervised/𝐿-blocksUnsup./𝐿-blocks



Disposition : Titre et contenu

PLS & CCA with a figure

16

𝐱1 𝐱2 ~𝒩 0,0 ,
1 0.5
0.5 1

𝒛 𝑖 = ቊ
0 if 𝐱 𝑖 < 0
1 otherwise

𝐲1 = 𝑤11𝐱1 + 𝑤12𝐱2 𝐲2 ∝ 𝐳

Data Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherUnsupervised/1-block Supervised/𝐿-blocksUnsup./𝐿-blocks



Disposition : Titre et contenu

PLS & CCA with a figure

16

𝐱1 𝐱2 ~𝒩 0,0 ,
1 0.5
0.5 1

𝒛 𝑖 = ቊ
0 if 𝐱 𝑖 < 0
1 otherwise

𝐲1 = 𝑤11𝐱1 + 𝑤12𝐱2 𝐲2 ∝ 𝐳

𝐲PCA ∝
1

2
𝐱1 +

1

2
𝐱2

Data Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherUnsupervised/1-block Supervised/𝐿-blocksUnsup./𝐿-blocks



Disposition : Titre et contenu

PLS & CCA with a figure

16

𝐱1 𝐱2 ~𝒩 0,0 ,
1 0.5
0.5 1

𝒛 𝑖 = ቊ
0 if 𝐱 𝑖 < 0
1 otherwise

𝐲1 = 𝑤11𝐱1 + 𝑤12𝐱2 𝐲2 ∝ 𝐳

𝐲PCA ∝
1

2
𝐱1 +

1

2
𝐱2

𝐲PLS ∝
2

3
𝐱1 +

1

3
𝐱2

Data Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherUnsupervised/1-block Supervised/𝐿-blocksUnsup./𝐿-blocks



Disposition : Titre et contenu

PLS & CCA with a figure

16

𝐱1 𝐱2 ~𝒩 0,0 ,
1 0.5
0.5 1

𝒛 𝑖 = ቊ
0 if 𝐱 𝑖 < 0
1 otherwise

𝐲1 = 𝑤11𝐱1 + 𝑤12𝐱2 𝐲2 ∝ 𝐳

𝐲PCA ∝
1

2
𝐱1 +

1

2
𝐱2

𝐲CCA ∝ 𝐱1

𝐲PLS ∝
2

3
𝐱1 +

1

3
𝐱2

Data Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherUnsupervised/1-block Supervised/𝐿-blocksUnsup./𝐿-blocks



Disposition : Titre et contenu

Two-blocks special cases: PLS & CCA

17

max
𝐰1,𝐰2

Var 𝐗𝑖𝐰𝑖 =1

Cov 𝐗1𝐰1, 𝐗2𝐰2 max
𝐰1,𝐰2

‖𝐰𝑖‖2
2=1

Cov 𝐗1𝐰1, 𝐗2𝐰2

Canonical Correlation Analysis (CCA) Partial Least Squares (PLS2)

Data Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherUnsupervised/1-block Supervised/𝐿-blocksUnsup./𝐿-blocks



Disposition : Titre et contenu

Two-blocks special cases: PLS & CCA

17

max
𝐰1,𝐰2

Var 𝐗𝑖𝐰𝑖 =1

Cov 𝐗1𝐰1, 𝐗2𝐰2 max
𝐰1,𝐰2

‖𝐰𝑖‖2
2=1

Cov 𝐗1𝐰1, 𝐗2𝐰2

Canonical Correlation Analysis (CCA) Partial Least Squares (PLS2)

max
𝐰1,𝐰2

Cov 𝐗1𝐰1, 𝐗2𝐰2

Regularized-CCA

s. t. 1 − 𝜏𝑖 Var 𝐗𝑖𝐰𝑖 + 𝜏𝑖‖𝐰𝑖‖2
2 = 1.

… and Regularized-CCA

Data Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherUnsupervised/1-block Supervised/𝐿-blocksUnsup./𝐿-blocks



Disposition : Titre et contenu

Two-blocks special cases: PLS & CCA

17

max
𝐰1,𝐰2

Var 𝐗𝑖𝐰𝑖 =1

Cov 𝐗1𝐰1, 𝐗2𝐰2 max
𝐰1,𝐰2

‖𝐰𝑖‖2
2=1

Cov 𝐗1𝐰1, 𝐗2𝐰2

Canonical Correlation Analysis (CCA) Partial Least Squares (PLS2)

max
𝐰1,𝐰2

Cov 𝐗1𝐰1, 𝐗2𝐰2

Regularized-CCA

s. t. 1 − 𝜏𝑖 Var 𝐗𝑖𝐰𝑖 + 𝜏𝑖‖𝐰𝑖‖2
2 = 1.

… and Regularized-CCA

Data Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherUnsupervised/1-block Supervised/𝐿-blocksUnsup./𝐿-blocks



Disposition : Titre et contenu

PLS & CCA with a figure

18

𝐱1 𝐱2 ~𝒩 0,0 ,
1 0.5
0.5 1

𝒛 𝑖 = ቊ
0 if 𝐱 𝑖 < 0
1 otherwise

𝐲1 = 𝑤11𝐱1 + 𝑤12𝐱2 𝐲2 ∝ 𝐳

𝐲PCA ∝
1

2
𝐱1 +

1

2
𝐱2

𝐲CCA ∝ 𝐱1

𝐲PLS ∝
2

3
𝐱1 +

1

3
𝐱2

Data Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherUnsupervised/1-block Supervised/𝐿-blocks



Disposition : Titre et contenu

PLS & CCA with a figure

18

𝐱1 𝐱2 ~𝒩 0,0 ,
1 0.5
0.5 1

𝒛 𝑖 = ቊ
0 if 𝐱 𝑖 < 0
1 otherwise

𝐲1 = 𝑤11𝐱1 + 𝑤12𝐱2 𝐲2 ∝ 𝐳

𝐲PCA ∝
1

2
𝐱1 +

1

2
𝐱2

𝐲CCA ∝ 𝐱1

𝐲PLS ∝
2

3
𝐱1 +

1

3
𝐱2

R-CCA

Data Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherUnsupervised/1-block Supervised/𝐿-blocks



Disposition : Titre et contenu

4. Unsupervised analysis with 𝐿-blocks



Disposition : Titre et contenu

Regularized Generalized Canonical Correlation Analysis (RGCCA)

20

𝐗1

𝐗2

Data Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherUnsupervised/1-block Unsup./2-blocks Supervised/𝐿-blocks



Disposition : Titre et contenu

Regularized Generalized Canonical Correlation Analysis (RGCCA)

20

𝐗1

𝐗2

Data Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherUnsupervised/1-block Unsup./2-blocks Supervised/𝐿-blocks



Disposition : Titre et contenu

Regularized Generalized Canonical Correlation Analysis (RGCCA)

20

𝐗1

𝐗2

Data Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherUnsupervised/1-block Unsup./2-blocks Supervised/𝐿-blocks



Disposition : Titre et contenu

Regularized Generalized Canonical Correlation Analysis (RGCCA)

20

𝐗1

max
𝐰1,𝐰2

Cov 𝐗1𝐰1, 𝐗2𝐰2

𝐗2

Data Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherUnsupervised/1-block Unsup./2-blocks Supervised/𝐿-blocks



Disposition : Titre et contenu

Regularized Generalized Canonical Correlation Analysis (RGCCA)

20

𝐗1

max
𝐰1,𝐰2

Cov 𝐗1𝐰1, 𝐗2𝐰2

𝐗2

Data Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherUnsupervised/1-block Unsup./2-blocks Supervised/𝐿-blocks



Disposition : Titre et contenu

Regularized Generalized Canonical Correlation Analysis (RGCCA)

20

𝐗1

max
𝐰1,𝐰2

Cov 𝐗1𝐰1, 𝐗2𝐰2

𝐗2

Data Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherUnsupervised/1-block Unsup./2-blocks Supervised/𝐿-blocks



Disposition : Titre et contenu

s. t. 𝐰𝑙
⊤𝐗𝑙

⊤𝐗𝑙𝐰𝑙 = 𝐼, 𝑙 = 1, 2.

Regularized Generalized Canonical Correlation Analysis (RGCCA)

20

𝐗1

max
𝐰1,𝐰2

Cov 𝐗1𝐰1, 𝐗2𝐰2

𝐗2

Data Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherUnsupervised/1-block Unsup./2-blocks Supervised/𝐿-blocks



Disposition : Titre et contenu

s. t. 𝐰𝑙
⊤𝐗𝑙

⊤𝐗𝑙𝐰𝑙 = 𝐼, 𝑙 = 1, 2.

Regularized Generalized Canonical Correlation Analysis (RGCCA)

20

𝐗1

max
𝐰1,𝐰2

Cov 𝐗1𝐰1, 𝐗2𝐰2

𝐗2

Data Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherUnsupervised/1-block Unsup./2-blocks Supervised/𝐿-blocks



Disposition : Titre et contenu

s. t. 𝐰𝑙
⊤𝐗𝑙

⊤𝐗𝑙𝐰𝑙 = 𝐼, 𝑙 = 1, 2.

Regularized Generalized Canonical Correlation Analysis (RGCCA)

20

𝐗1

max
𝐰1,𝐰2

Cov 𝐗1𝐰1, 𝐗2𝐰2

𝐗2

Data Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherUnsupervised/1-block Unsup./2-blocks Supervised/𝐿-blocks



Disposition : Titre et contenu

s. t. 𝐰𝑙 2
2 = 1, 𝑙 = 1, 2.

Regularized Generalized Canonical Correlation Analysis (RGCCA)

20

𝐗1

max
𝐰1,𝐰2

Cov 𝐗1𝐰1, 𝐗2𝐰2

𝐗2

Data Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherUnsupervised/1-block Unsup./2-blocks Supervised/𝐿-blocks



Disposition : Titre et contenu

s. t. 𝐰𝑙 2
2 = 1, 𝑙 = 1, 2.

Regularized Generalized Canonical Correlation Analysis (RGCCA)

20

𝐗1

max
𝐰1,𝐰2

Cov 𝐗1𝐰1, 𝐗2𝐰2

Partial Least Squares 2

𝐗2

Data Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherUnsupervised/1-block Unsup./2-blocks Supervised/𝐿-blocks



Disposition : Titre et contenu

s. t. 𝐰𝑙 2
2 = 1, 𝑙 = 1, 2.

Regularized Generalized Canonical Correlation Analysis (RGCCA)

20

𝐗1

max
𝐰1,𝐰2

Cov 𝐗1𝐰1, 𝐗2𝐰2

𝐗2

Data Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherUnsupervised/1-block Unsup./2-blocks Supervised/𝐿-blocks



Disposition : Titre et contenu

s. t.𝐰𝑙
⊤𝐌𝑙𝐰𝑙 = 1, 𝑙 = 1, 2.

Regularized Generalized Canonical Correlation Analysis (RGCCA)

20

𝐗1

max
𝐰1,𝐰2

Cov 𝐗1𝐰1, 𝐗2𝐰2

𝐗2

Data Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherUnsupervised/1-block Unsup./2-blocks Supervised/𝐿-blocks



Disposition : Titre et contenu

s. t.𝐰𝑙
⊤𝐌𝑙𝐰𝑙 = 1, 𝑙 = 1, 2.

Regularized Generalized Canonical Correlation Analysis (RGCCA)

20

𝐗1

max
𝐰1,𝐰2

Cov 𝐗1𝐰1, 𝐗2𝐰2

where 𝐌𝑙is any 𝐽𝑙 × 𝐽𝑙 positive definite matrix

𝐗2

Data Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherUnsupervised/1-block Unsup./2-blocks Supervised/𝐿-blocks



Disposition : Titre et contenu

s. t.𝐰𝑙
⊤𝐌𝑙𝐰𝑙 = 1, 𝑙 = 1, 2.

Regularized Generalized Canonical Correlation Analysis (RGCCA)

20

𝐗1

max
𝐰1,𝐰2

Cov 𝐗1𝐰1, 𝐗2𝐰2

𝐗2

Data Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherUnsupervised/1-block Unsup./2-blocks Supervised/𝐿-blocks



Disposition : Titre et contenu

max
𝐰1,…,𝐰𝐿



𝑘,𝑙=1

𝐿

𝑐𝑘𝑙 𝑔 Cov 𝐗𝑘𝐰𝑘 , 𝐗𝑙𝐰𝑙

Regularized Generalized Canonical Correlation Analysis (RGCCA)

20

s. t.𝐰𝑙
⊤𝐌𝑙𝐰𝑙 = 1, 𝑙 = 1,… , 𝐿.

𝐗𝑙

𝐗𝐿

𝐗1

Data Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherUnsupervised/1-block Unsup./2-blocks Supervised/𝐿-blocks



Disposition : Titre et contenu

max
𝐰1,…,𝐰𝐿



𝑘,𝑙=1

𝐿

𝑐𝑘𝑙 𝑔 Cov 𝐗𝑘𝐰𝑘 , 𝐗𝑙𝐰𝑙

Regularized Generalized Canonical Correlation Analysis (RGCCA)

20

s. t.𝐰𝑙
⊤𝐌𝑙𝐰𝑙 = 1, 𝑙 = 1,… , 𝐿.

𝑐1𝑙

𝑐𝑙𝐿

𝑐1𝐿

𝐗𝑙

𝐗𝐿

𝐗1

Data Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherUnsupervised/1-block Unsup./2-blocks Supervised/𝐿-blocks



Disposition : Titre et contenu

max
𝐰1,…,𝐰𝐿



𝑘,𝑙=1

𝐿

𝑐𝑘𝑙 𝑔 Cov 𝐗𝑘𝐰𝑘 , 𝐗𝑙𝐰𝑙

Regularized Generalized Canonical Correlation Analysis (RGCCA)

20

s. t.𝐰𝑙
⊤𝐌𝑙𝐰𝑙 = 1, 𝑙 = 1,… , 𝐿.

𝑐1𝑙

𝑐𝑙𝐿

𝑐1𝐿

𝐗𝑙

𝐗𝐿

𝐗1

Data Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherUnsupervised/1-block Unsup./2-blocks Supervised/𝐿-blocks



Disposition : Titre et contenu

max
𝐰1,…,𝐰𝐿



𝑘,𝑙=1

𝐿

𝑐𝑘𝑙 𝑔 Cov 𝐗𝑘𝐰𝑘 , 𝐗𝑙𝐰𝑙
2

Regularized Generalized Canonical Correlation Analysis (RGCCA)

20

s. t.𝐰𝑙
⊤𝐌𝑙𝐰𝑙 = 1, 𝑙 = 1,… , 𝐿.

𝑐1𝑙

𝑐𝑙𝐿

𝑐1𝐿

𝐗𝑙

𝐗𝐿

𝐗1

Data Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherUnsupervised/1-block Unsup./2-blocks Supervised/𝐿-blocks



Disposition : Titre et contenu

max
𝐰1,…,𝐰𝐿



𝑘,𝑙=1

𝐿

𝑐𝑘𝑙 𝑔 Cov 𝐗𝑘𝐰𝑘 , 𝐗𝑙𝐰𝑙

Regularized Generalized Canonical Correlation Analysis (RGCCA)

20

s. t.𝐰𝑙
⊤𝐌𝑙𝐰𝑙 = 1, 𝑙 = 1,… , 𝐿.

𝑐1𝑙

𝑐𝑙𝐿
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Courtesy to Arthur Tenenhaus.
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RGCCA choose the best set of parameters as the one with the highest value of 𝑍𝒌 =
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Evaluate the robustness of the model by bootstrapping. 

24Data Unsup./2-blocks Unsup./𝐿-blocks Supervised/2-blocks FurtherUnsupervised/1-block Unsup./2-blocks

mRNA 𝐗1 DNAm 𝐗2 miRNA
𝐗3

𝐼

… … ……

Bootstrap sample n°1

Weight for mRNA1

Weight for miRNAJ3

…

Weight value

Fr
eq

u
en

cy

Supervised/𝐿-blocks



Evaluate the robustness of the model by bootstrapping. 
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Evaluate the robustness of the model by bootstrapping. 
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Evaluate the robustness of the model by bootstrapping. 
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Evaluate the robustness of the model by bootstrapping. 
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Evaluate the robustness of the model by bootstrapping. 
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 The weight is likely to be considered as 
significantly different from 0.



Evaluate the robustness of the model by bootstrapping. 
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Evaluate the robustness of the model by bootstrapping. 
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 The weight is unlikely to be considered as 
significantly different from 0.

 The weight is likely to be considered as 
significantly different from 0.

Out of these distributions, RGCCA non-parametrically estimates confidence intervals 𝒒𝟎.𝟎𝟐𝟓, 𝒒𝟎.𝟗𝟕𝟓
and p-values 𝒎𝒊𝒏 𝑵𝒃≥𝟎, 𝑵𝒃≤𝟎 /𝒎𝒂𝒙 𝑵𝒃≥𝟎, 𝑵𝒃≤𝟎 .
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5. Supervised analysis with 𝐿-blocks
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Supervising with RGCCA
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Supervising with RGCCA
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Disposition : Titre et contenu

Supervising with RGCCA

26

mRNA 𝐗1

DNAm 𝐗2

𝐲1

𝐲2

𝐲3miRNA
𝐗3

Sample_group

 𝐘1
(𝑅𝟏) 𝐘2
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Step 1: Learn a supervised reduced space

Data Unsup./2-blocks Unsup./𝐿-blocks Supervised/𝐿-blocks FurtherUnsupervised/1-block Unsup./2-blocks Unsup./𝐿-blocks
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Step 2: Learn a classifier out 
of this reduced space

Data Unsup./2-blocks Unsup./𝐿-blocks Supervised/𝐿-blocks FurtherUnsupervised/1-block Unsup./2-blocks Unsup./𝐿-blocks



Disposition : Titre et contenu

Supervising with RGCCA

26

mRNA 𝐗1

DNAm 𝐗2

𝐲1

𝐲2

𝐲3miRNA
𝐗3

Sample_group

 𝐘1
(𝑅𝟏) 𝐘2

(𝑅𝟐) 𝐘3
(𝑅𝟑) 

Sample_group

Step 1: Learn a supervised reduced space

Step 2: Learn a classifier out 
of this reduced space
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Step 1: Learn a supervised reduced space

Step 2: Learn a classifier out 
of this reduced space

The model sequentially learn block-weight vectors to compute components and a classifier. 

Data Unsup./2-blocks Unsup./𝐿-blocks Supervised/𝐿-blocks FurtherUnsupervised/1-block Unsup./2-blocks Unsup./𝐿-blocks
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Supervising with RGCCA
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Step 1: Learn a supervised reduced space

Step 2: Learn a classifier out 
of this reduced space

The model sequentially learn block-weight vectors to compute components and a classifier. Standard Cross-Validation 
can be performed.

Data Unsup./2-blocks Unsup./𝐿-blocks Supervised/𝐿-blocks FurtherUnsupervised/1-block Unsup./2-blocks Unsup./𝐿-blocks
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F1-score
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Negative
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Confusion Matrix:
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F1-score
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𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 How many positive predicted labels are true ?
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True
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Confusion Matrix:

𝑟𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 How many true positive labels are retrieved ?

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 How many positive predicted labels are true ?
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 How many true positive labels are retrieved ?

𝐹 =
2

1
𝑟𝑒𝑐𝑎𝑙𝑙

+
1

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

=
2𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛. 𝑟𝑒𝑐𝑎𝑙𝑙

𝑟𝑒𝑐𝑎𝑙𝑙 + 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 How many positive predicted labels are true ?
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6. Going further with RGCCA
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Sparse Generalized Canonical Correlation Analysis (SGCCA)
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𝐰𝑙 1 = 

𝑗=1

𝐽𝑙

𝑤𝑙𝑗 ≤ 𝑠𝑙
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𝑤𝑙𝑗 ≤ 𝑠𝑙

The LASSO regularization allows to perform variable selection.
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Controls the level of sparsity (has to be tuned).
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Group SGCCA: perform group selection.
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