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Case Study: Major Depressive Disorder (MDD)

Figure taken from Amazigh Mokhtari’s PhD manuscript.

Data from this case study comes from Amazigh et. al 2024 Sex-specific and multiomic integration enhance 
accuracy of peripheral blood biomarkers of major depressive disorder.
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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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They are both non-parametric.
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2
.
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The test is likely to be rejected.
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Now with this 2 tests, let us see what are the 
results of PCA on the MDD case study

 See section 1 on the Rmarkdown `MDD_case_study_RGCCA`
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1. Introduction of the case study

2. Unsupervised analysis with one-block: Principal Component Analysis (PCA)

3. Unsupervised analysis with two-blocks: 
Partial Least Squares (PLS) and Canonical Correlation Analysis (CCA)

4. Unsupervised analysis with 𝑳-blocks: 
Regularized Generalized Canonical Correlation Analysis (RGCCA)

5. Supervised analysis with RGCCA

6. Variable selection in RGCCA: 
Sparse Generalized Canonical Correlation Analysis (SGCCA)

7. The flexible Optimization Framework of RGCCA

 The general principal
 Extension to multi-way analysis
 From Sequential to Global

1. ggg

2. The general principal
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The philosophy of multiblock component methods

…

…

Block components should verified

two properties at the same time:

1. Block components well

explain their own block.

1. Block components are as 

correlated as possible for  

connected blocks.
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The philosophy of multiblock component methods

…

…

Courtesy to Arthur Tenenhaus.
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From PCA to PLS/CCA

Principal Component Analysis (PCA)
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Let us see what are the results of PLS/CCA on 
the MDD case study

 See section 2.2 & 2.3 on the Rmarkdown `MDD_case_study_RGCCA`
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One way to avoid overfitting is by preforming regularization.

Regularization consists in adding more constraints to the model in order to reduce the space of solutions.

Multiple regularizations are available such as Ridge or LASSO regularizations. 

Here, we choose to regularize the model by forcing it to have a low number of variables.
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OVERFITTING

CV was also used here so set an hyper-parameter: «the number of variables to keep in the model».

Here apparently, keeping only 2 variables leads to the best model with the variable «Age», which was expected.

Best model

17



Overfitting, Cross-Validation & Regularization

18



Overfitting, Cross-Validation & Regularization

Overfitting can be handled with regularization.

18



Overfitting, Cross-Validation & Regularization

Overfitting can be handled with regularization.

Cross-Validation can both help to:

18



Overfitting, Cross-Validation & Regularization

Overfitting can be handled with regularization.

Cross-Validation can both help to:
1. realize if the model overfits or not 

18



Overfitting, Cross-Validation & Regularization

Overfitting can be handled with regularization.

Cross-Validation can both help to:
1. realize if the model overfits or not 
2. tune the hyper-parameters (associated with the regularization).

18



Overfitting, Cross-Validation & Regularization

Overfitting can be handled with regularization.

Cross-Validation can both help to:
1. realize if the model overfits or not 
2. tune the hyper-parameters (associated with the regularization).

Figure taken from https://typeset.io/resources/top-reasons-for-research-paper-rejection/
18

https://typeset.io/resources/top-reasons-for-research-paper-rejection/


Overfitting, Cross-Validation & Regularization

Overfitting can be handled with regularization.

Cross-Validation can both help to:
1. realize if the model overfits or not 
2. tune the hyper-parameters (associated with the regularization).

Classical mistake to avoid with Cross-Validation: «Double Dipping».

Figure taken from https://typeset.io/resources/top-reasons-for-research-paper-rejection/
18

https://typeset.io/resources/top-reasons-for-research-paper-rejection/


Overfitting, Cross-Validation & Regularization

Overfitting can be handled with regularization.

Cross-Validation can both help to:
1. realize if the model overfits or not 
2. tune the hyper-parameters (associated with the regularization).

Classical mistake to avoid with Cross-Validation: «Double Dipping».

 The whole point of Cross-Validation is to keep the train and the test sets independant from each other.

Figure taken from https://typeset.io/resources/top-reasons-for-research-paper-rejection/
18

https://typeset.io/resources/top-reasons-for-research-paper-rejection/


Overfitting, Cross-Validation & Regularization

Overfitting can be handled with regularization.
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Classical mistake to avoid with Cross-Validation: «Double Dipping».
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 The whole point of Cross-Validation is to keep the train and the test sets independant from each other.

This is no longer the case when for example: 
1. Normalization accross subjects is performed on the whole data-set.
2. Variable selection is performed on the whole data-set (ex: differentially expressed genes)
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How do we regularize CCA ?
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Two-blocks special cases: PLS & CCA

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)
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PLS & CCA with a figure

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

𝐲CCA ∝ 𝐱1
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Let us see how Regularize CCA performs on 
the MDD case study

 See section 2.4 & 2.5 on the Rmarkdown `MDD_case_study_RGCCA`

22



1. Introduction of the case study

2. Unsupervised analysis with one-block: Principal Component Analysis (PCA)

3. Unsupervised analysis with two-blocks: 
Partial Least Squares (PLS) and Canonical Correlation Analysis (CCA)

4. Unsupervised analysis with 𝑳-blocks: 
Regularized Generalized Canonical Correlation Analysis (RGCCA)

5. Supervised analysis with RGCCA

6. Variable selection in RGCCA: 
Sparse Generalized Canonical Correlation Analysis (SGCCA)

7. The flexible Optimization Framework of RGCCA

 The general principal
 Extension to multi-way analysis
 From Sequential to Global

1. ggg

2. The general principal
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Regularized Generalized Canonical Correlation Analysis (RGCCA)

𝐗1

𝐗2
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Summary of RGCCA

The Regularized Generalized Canonical Correlation Analysis (RGCCA) Optimization criterion : 

max
𝐰1,…,𝐰𝐿



𝑘,𝑙=1

𝐿

𝑐𝑘𝑙 𝑔 Cov 𝐗𝑘𝐰𝑘 , 𝐗𝑙𝐰𝑙

s. t.𝐰𝑙
⊤𝐌𝑙𝐰𝑙 = 1, 𝑙 = 1,… , 𝐿.
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Regularized version of the 
sample covariance matrix
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Let us see how RGCCA performs on the MDD 
case study

 See section 3.2 on the Rmarkdown `MDD_case_study_RGCCA`
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Let us apply this permutation procedure on 
the MDD case study

 See section 3.3 on the Rmarkdown `MDD_case_study_RGCCA`
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Let us apply this permutation procedure on 
the MDD case study

 See section 3.4 on the Rmarkdown `MDD_case_study_RGCCA`
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1. Introduction of the case study

2. Unsupervised analysis with one-block: Principal Component Analysis (PCA)

3. Unsupervised analysis with two-blocks: 
Partial Least Squares (PLS) and Canonical Correlation Analysis (CCA)

4. Unsupervised analysis with 𝑳-blocks: 
Regularized Generalized Canonical Correlation Analysis (RGCCA)

5. Supervised analysis with RGCCA

6. Variable selection in RGCCA: 
Sparse Generalized Canonical Correlation Analysis (SGCCA)

7. The flexible Optimization Framework of RGCCA

 The general principal
 Extension to multi-way analysis
 From Sequential to Global

1. ggg

2. The general principal
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Let us apply a supervised version of RGCCA 
on the MDD case study

 See section 4 on the Rmarkdown `MDD_case_study_RGCCA`
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1. Introduction of the case study

2. Unsupervised analysis with one-block: Principal Component Analysis (PCA)
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Let us apply both an unsupervised/supervised
version of SGCCA on the MDD case study

 See section 5 & 6 on the Rmarkdown `MDD_case_study_RGCCA`
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1. Introduction of the case study

2. Unsupervised analysis with one-block: Principal Component Analysis (PCA)

3. Unsupervised analysis with two-blocks: 
Partial Least Squares (PLS) and Canonical Correlation Analysis (CCA)

4. Unsupervised analysis with 𝑳-blocks: 
Regularized Generalized Canonical Correlation Analysis (RGCCA)

5. Supervised analysis with RGCCA

6. Variable selection in RGCCA: 
Sparse Generalized Canonical Correlation Analysis (SGCCA)

7. The flexible Optimization Framework of RGCCA

 The general principal
 Extension to multi-way analysis
 From Sequential to Global

1. ggg

2. The general principal
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𝒔 , … ,𝐰𝐿

𝐬

𝐰𝑙
𝒔
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𝑠+1, … ,𝐰𝑙−1
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𝑠 , … ,𝐰𝐿

𝑠 )

𝑓 𝐰1
𝒔+𝟏, … ,𝐰𝑙−1

𝐬+𝟏, 𝐰𝑙 , 𝐰𝑙+1
𝒔 , … ,𝐰𝐿

𝐬

𝐰𝑙
𝒔

Let us introduce: 𝐰𝐬,𝐥→𝐋 = 𝐰1
𝒔+𝟏, … ,𝐰𝑙−1

𝐬+𝟏, 𝐰𝑙
𝒔, 𝐰𝑙+1

𝒔 , … , 𝐰𝐿
𝒔
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𝑓(𝐰1
𝑠+1, … ,𝐰𝑙−1

𝑠+1, 𝐰𝑙 , 𝐰𝑙+1
𝑠 , … ,𝐰𝐿

𝑠 )

𝑓 𝐰1
𝒔+𝟏, … ,𝐰𝑙−1

𝐬+𝟏, 𝐰𝑙 , 𝐰𝑙+1
𝒔 , … ,𝐰𝐿

𝐬

𝐰𝑙
𝒔

𝑓 𝐰𝐬,𝐥→𝐋 + 𝛁𝑙𝑓 𝐰𝐬,𝐥→𝐋 ⊤
𝐰𝑙 −𝐰𝑙

𝒔

Let us introduce: 𝐰𝐬,𝐥→𝐋 = 𝐰1
𝒔+𝟏, … ,𝐰𝑙−1

𝐬+𝟏, 𝐰𝑙
𝒔, 𝐰𝑙+1

𝒔 , … , 𝐰𝐿
𝒔
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𝐰𝑙,𝐰𝑙

⊤𝐌𝑙𝐰𝑙=1

𝑓(𝐰1
𝑠+1, … ,𝐰𝑙−1

𝑠+1, 𝐰𝑙 , 𝐰𝑙+1
𝑠 , … ,𝐰𝐿

𝑠 )

𝑓 𝐰1
𝒔+𝟏, … ,𝐰𝑙−1

𝐬+𝟏, 𝐰𝑙 , 𝐰𝑙+1
𝒔 , … ,𝐰𝐿

𝐬

𝐰𝑙
𝒔

𝑓 𝐰𝐬,𝐥→𝐋 + 𝛁𝑙𝑓 𝐰𝐬,𝐥→𝐋 ⊤
𝐰𝑙 −𝐰𝑙

𝒔

𝐰𝑙
𝒔+𝟏 = argmax

𝐰𝑙,𝐰𝑙
⊤𝐌𝑙𝐰𝑙=1

𝛁𝑙𝑓 𝐰𝐬,𝐥→𝐋 ⊤
𝐰𝑙

Let us introduce: 𝐰𝐬,𝐥→𝐋 = 𝐰1
𝒔+𝟏, … ,𝐰𝑙−1

𝐬+𝟏, 𝐰𝑙
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𝒔 , … , 𝐰𝐿
𝒔
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⊤𝐌𝑙𝐰𝑙=1
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𝑠+1, … ,𝐰𝑙−1

𝑠+1, 𝐰𝑙 , 𝐰𝑙+1
𝑠 , … ,𝐰𝐿

𝑠 )

𝐰𝑙
𝒔+𝟏

𝑓 𝐰1
𝒔+𝟏, … ,𝐰𝑙−1

𝐬+𝟏, 𝐰𝑙 , 𝐰𝑙+1
𝒔 , … ,𝐰𝐿

𝐬

𝐰𝑙
𝒔

𝑓 𝐰𝐬,𝐥→𝐋 + 𝛁𝑙𝑓 𝐰𝐬,𝐥→𝐋 ⊤
𝐰𝑙 −𝐰𝑙

𝒔

𝐰𝑙
𝒔+𝟏 = argmax

𝐰𝑙,𝐰𝑙
⊤𝐌𝑙𝐰𝑙=1

𝛁𝑙𝑓 𝐰𝐬,𝐥→𝐋 ⊤
𝐰𝑙

Let us introduce: 𝐰𝐬,𝐥→𝐋 = 𝐰1
𝒔+𝟏, … ,𝐰𝑙−1

𝐬+𝟏, 𝐰𝑙
𝒔, 𝐰𝑙+1

𝒔 , … , 𝐰𝐿
𝒔
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argmax
𝐰𝑙,𝐰𝑙

⊤𝐌𝑙𝐰𝑙=1

𝑓(𝐰1
𝑠+1, … ,𝐰𝑙−1

𝑠+1, 𝐰𝑙 , 𝐰𝑙+1
𝑠 , … ,𝐰𝐿

𝑠 )

𝐰𝑙
𝒔+𝟏

𝑓 𝐰1
𝒔+𝟏, … ,𝐰𝑙−1

𝐬+𝟏, 𝐰𝑙 , 𝐰𝑙+1
𝒔 , … ,𝐰𝐿

𝐬

𝐰𝑙
𝒔

𝑓 𝐰𝐬,𝐥→𝐋 + 𝛁𝑙𝑓 𝐰𝐬,𝐥→𝐋 ⊤
𝐰𝑙 −𝐰𝑙

𝒔

𝐰𝑙
𝒔+𝟏 = argmax

𝐰𝑙,𝐰𝑙
⊤𝐌𝑙𝐰𝑙=1

𝛁𝑙𝑓 𝐰𝐬,𝐥→𝐋 ⊤
𝐰𝑙

𝑓 𝐰𝐬,𝐥→𝐋 = 𝑓 𝐰𝐬,𝐥→𝐋 + 𝛁𝑙𝑓 𝐰𝐬,𝐥→𝐋 ⊤
𝐰𝑙
𝒔 −𝐰𝑙

𝒔

Let us introduce: 𝐰𝐬,𝐥→𝐋 = 𝐰1
𝒔+𝟏, … ,𝐰𝑙−1

𝐬+𝟏, 𝐰𝑙
𝒔, 𝐰𝑙+1

𝒔 , … , 𝐰𝐿
𝒔
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𝐰𝑙,𝐰𝑙

⊤𝐌𝑙𝐰𝑙=1

𝑓(𝐰1
𝑠+1, … ,𝐰𝑙−1

𝑠+1, 𝐰𝑙 , 𝐰𝑙+1
𝑠 , … ,𝐰𝐿

𝑠 )

𝐰𝑙
𝒔+𝟏

𝑓 𝐰1
𝒔+𝟏, … ,𝐰𝑙−1

𝐬+𝟏, 𝐰𝑙 , 𝐰𝑙+1
𝒔 , … ,𝐰𝐿

𝐬

𝐰𝑙
𝒔

𝑓 𝐰𝐬,𝐥→𝐋 + 𝛁𝑙𝑓 𝐰𝐬,𝐥→𝐋 ⊤
𝐰𝑙 −𝐰𝑙

𝒔

𝐰𝑙
𝒔+𝟏 = argmax

𝐰𝑙,𝐰𝑙
⊤𝐌𝑙𝐰𝑙=1

𝛁𝑙𝑓 𝐰𝐬,𝐥→𝐋 ⊤
𝐰𝑙

𝑓 𝐰𝐬,𝐥→𝐋 = 𝑓 𝐰𝐬,𝐥→𝐋 + 𝛁𝑙𝑓 𝐰𝐬,𝐥→𝐋 ⊤
𝐰𝑙
𝒔 −𝐰𝑙

𝒔

Let us introduce: 𝐰𝐬,𝐥→𝐋 = 𝐰1
𝒔+𝟏, … ,𝐰𝑙−1

𝐬+𝟏, 𝐰𝑙
𝒔, 𝐰𝑙+1

𝒔 , … , 𝐰𝐿
𝒔
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argmax
𝐰𝑙,𝐰𝑙

⊤𝐌𝑙𝐰𝑙=1

𝑓(𝐰1
𝑠+1, … ,𝐰𝑙−1

𝑠+1, 𝐰𝑙 , 𝐰𝑙+1
𝑠 , … ,𝐰𝐿

𝑠 )

𝐰𝑙
𝒔+𝟏

𝑓 𝐰1
𝒔+𝟏, … ,𝐰𝑙−1

𝐬+𝟏, 𝐰𝑙 , 𝐰𝑙+1
𝒔 , … ,𝐰𝐿

𝐬

𝐰𝑙
𝒔

𝑓 𝐰𝐬,𝐥→𝐋 + 𝛁𝑙𝑓 𝐰𝐬,𝐥→𝐋 ⊤
𝐰𝑙 −𝐰𝑙

𝒔

𝐰𝑙
𝒔+𝟏 = argmax

𝐰𝑙,𝐰𝑙
⊤𝐌𝑙𝐰𝑙=1

𝛁𝑙𝑓 𝐰𝐬,𝐥→𝐋 ⊤
𝐰𝑙

𝑓 𝐰𝐬,𝐥→𝐋 = 𝑓 𝐰𝐬,𝐥→𝐋 + 𝛁𝑙𝑓 𝐰𝐬,𝐥→𝐋 ⊤
𝐰𝑙
𝒔 −𝐰𝑙

𝒔

Let us introduce: 𝐰𝐬,𝐥→𝐋 = 𝐰1
𝒔+𝟏, … ,𝐰𝑙−1

𝐬+𝟏, 𝐰𝑙
𝒔, 𝐰𝑙+1

𝒔 , … , 𝐰𝐿
𝒔

𝐰𝐬,𝐥→𝐋 ≤ 𝑓 𝐰𝐬,𝐥→𝐋 + 𝛁𝑙𝑓 𝐰𝐬,𝐥→𝐋 ⊤
𝐰𝑙
𝒔+𝟏 −𝐰𝑙

𝒔
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argmax
𝐰𝑙,𝐰𝑙

⊤𝐌𝑙𝐰𝑙=1

𝑓(𝐰1
𝑠+1, … ,𝐰𝑙−1

𝑠+1, 𝐰𝑙 , 𝐰𝑙+1
𝑠 , … ,𝐰𝐿

𝑠 )

𝐰𝑙
𝒔+𝟏

𝑓 𝐰1
𝒔+𝟏, … ,𝐰𝑙−1

𝐬+𝟏, 𝐰𝑙 , 𝐰𝑙+1
𝒔 , … ,𝐰𝐿

𝐬

𝐰𝑙
𝒔

𝑓 𝐰𝐬,𝐥→𝐋 + 𝛁𝑙𝑓 𝐰𝐬,𝐥→𝐋 ⊤
𝐰𝑙 −𝐰𝑙

𝒔

𝐰𝑙
𝒔+𝟏 = argmax

𝐰𝑙,𝐰𝑙
⊤𝐌𝑙𝐰𝑙=1

𝛁𝑙𝑓 𝐰𝐬,𝐥→𝐋 ⊤
𝐰𝑙

𝑓 𝐰𝐬,𝐥→𝐋 = 𝑓 𝐰𝐬,𝐥→𝐋 + 𝛁𝑙𝑓 𝐰𝐬,𝐥→𝐋 ⊤
𝐰𝑙
𝒔 −𝐰𝑙

𝒔

Let us introduce: 𝐰𝐬,𝐥→𝐋 = 𝐰1
𝒔+𝟏, … ,𝐰𝑙−1

𝐬+𝟏, 𝐰𝑙
𝒔, 𝐰𝑙+1

𝒔 , … , 𝐰𝐿
𝒔

𝐰𝐬,𝐥→𝐋 ≤ 𝑓 𝐰𝐬,𝐥→𝐋 + 𝛁𝑙𝑓 𝐰𝐬,𝐥→𝐋 ⊤
𝐰𝑙
𝒔+𝟏 −𝐰𝑙

𝒔
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argmax
𝐰𝑙,𝐰𝑙

⊤𝐌𝑙𝐰𝑙=1

𝑓(𝐰1
𝑠+1, … ,𝐰𝑙−1

𝑠+1, 𝐰𝑙 , 𝐰𝑙+1
𝑠 , … ,𝐰𝐿

𝑠 )

𝐰𝑙
𝒔+𝟏

𝑓 𝐰1
𝒔+𝟏, … ,𝐰𝑙−1

𝐬+𝟏, 𝐰𝑙 , 𝐰𝑙+1
𝒔 , … ,𝐰𝐿

𝐬

𝐰𝑙
𝒔

𝑓 𝐰𝐬,𝐥→𝐋 + 𝛁𝑙𝑓 𝐰𝐬,𝐥→𝐋 ⊤
𝐰𝑙 −𝐰𝑙

𝒔

𝐰𝑙
𝒔+𝟏 = argmax

𝐰𝑙,𝐰𝑙
⊤𝐌𝑙𝐰𝑙=1

𝛁𝑙𝑓 𝐰𝐬,𝐥→𝐋 ⊤
𝐰𝑙

𝑓 𝐰𝐬,𝐥→𝐋 = 𝑓 𝐰𝐬,𝐥→𝐋 + 𝛁𝑙𝑓 𝐰𝐬,𝐥→𝐋 ⊤
𝐰𝑙
𝒔 −𝐰𝑙

𝒔

Let us introduce: 𝐰𝐬,𝐥→𝐋 = 𝐰1
𝒔+𝟏, … ,𝐰𝑙−1

𝐬+𝟏, 𝐰𝑙
𝒔, 𝐰𝑙+1

𝒔 , … , 𝐰𝐿
𝒔

𝐰𝐬,𝐥→𝐋 ≤ 𝑓 𝐰𝐬,𝐥→𝐋 + 𝛁𝑙𝑓 𝐰𝐬,𝐥→𝐋 ⊤
𝐰𝑙
𝒔+𝟏 −𝐰𝑙

𝒔
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argmax
𝐰𝑙,𝐰𝑙

⊤𝐌𝑙𝐰𝑙=1

𝑓(𝐰1
𝑠+1, … ,𝐰𝑙−1

𝑠+1, 𝐰𝑙 , 𝐰𝑙+1
𝑠 , … ,𝐰𝐿

𝑠 )

𝐰𝑙
𝒔+𝟏

𝑓 𝐰1
𝒔+𝟏, … ,𝐰𝑙−1

𝐬+𝟏, 𝐰𝑙 , 𝐰𝑙+1
𝒔 , … ,𝐰𝐿

𝐬

𝐰𝑙
𝒔

𝑓 𝐰𝐬,𝐥→𝐋 + 𝛁𝑙𝑓 𝐰𝐬,𝐥→𝐋 ⊤
𝐰𝑙 −𝐰𝑙

𝒔

𝐰𝑙
𝒔+𝟏 = argmax

𝐰𝑙,𝐰𝑙
⊤𝐌𝑙𝐰𝑙=1

𝛁𝑙𝑓 𝐰𝐬,𝐥→𝐋 ⊤
𝐰𝑙

𝑓 𝐰𝐬,𝐥→𝐋 = 𝑓 𝐰𝐬,𝐥→𝐋 + 𝛁𝑙𝑓 𝐰𝐬,𝐥→𝐋 ⊤
𝐰𝑙
𝒔 −𝐰𝑙

𝒔

Let us introduce: 𝐰𝐬,𝐥→𝐋 = 𝐰1
𝒔+𝟏, … ,𝐰𝑙−1

𝐬+𝟏, 𝐰𝑙
𝒔, 𝐰𝑙+1

𝒔 , … , 𝐰𝐿
𝒔

𝐰𝐬,𝐥→𝐋 ≤ 𝑓 𝐰𝐬,𝐥→𝐋 + 𝛁𝑙𝑓 𝐰𝐬,𝐥→𝐋 ⊤
𝐰𝑙
𝒔+𝟏 −𝐰𝑙

𝒔

𝐰𝐬,𝐥→𝐋 ≤ 𝑓 𝐰1
𝒔+𝟏, … ,𝐰𝑙−1

𝐬+𝟏, 𝐰𝑙
𝒔+𝟏, 𝐰𝑙+1

𝒔 , … ,𝐰𝐿
𝒔
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argmax
𝐰𝑙,𝐰𝑙

⊤𝐌𝑙𝐰𝑙=1

𝑓(𝐰1
𝑠+1, … ,𝐰𝑙−1

𝑠+1, 𝐰𝑙 , 𝐰𝑙+1
𝑠 , … ,𝐰𝐿

𝑠 )

𝐰𝑙
𝒔+𝟏

𝑓 𝐰1
𝒔+𝟏, … ,𝐰𝑙−1

𝐬+𝟏, 𝐰𝑙 , 𝐰𝑙+1
𝒔 , … ,𝐰𝐿

𝐬

𝐰𝑙
𝒔

𝑓 𝐰𝐬,𝐥→𝐋 + 𝛁𝑙𝑓 𝐰𝐬,𝐥→𝐋 ⊤
𝐰𝑙 −𝐰𝑙

𝒔

𝐰𝑙
𝒔+𝟏 = argmax

𝐰𝑙,𝐰𝑙
⊤𝐌𝑙𝐰𝑙=1

𝛁𝑙𝑓 𝐰𝐬,𝐥→𝐋 ⊤
𝐰𝑙

𝑓 𝐰𝐬,𝐥→𝐋 = 𝑓 𝐰𝐬,𝐥→𝐋 + 𝛁𝑙𝑓 𝐰𝐬,𝐥→𝐋 ⊤
𝐰𝑙
𝒔 −𝐰𝑙

𝒔

Let us introduce: 𝐰𝐬,𝐥→𝐋 = 𝐰1
𝒔+𝟏, … ,𝐰𝑙−1

𝐬+𝟏, 𝐰𝑙
𝒔, 𝐰𝑙+1

𝒔 , … , 𝐰𝐿
𝒔

𝐰𝐬,𝐥→𝐋 ≤ 𝑓 𝐰𝐬,𝐥→𝐋 + 𝛁𝑙𝑓 𝐰𝐬,𝐥→𝐋 ⊤
𝐰𝑙
𝒔+𝟏 −𝐰𝑙

𝒔

𝐰𝐬,𝐥→𝐋 ≤ 𝑓 𝐰1
𝒔+𝟏, … ,𝐰𝑙−1

𝐬+𝟏, 𝐰𝑙
𝒔+𝟏, 𝐰𝑙+1

𝒔 , … ,𝐰𝐿
𝒔

Comes from the multi-convexity of 𝑓 and so the convexity of

𝑓(𝐰1
𝑠+1, … ,𝐰𝑙−1

𝑠+1, 𝐰𝑙 , 𝐰𝑙+1
𝑠 , … ,𝐰𝐿

𝑠 )
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1. Introduction of the case study

2. Unsupervised analysis with one-block: Principal Component Analysis (PCA)

3. Unsupervised analysis with two-blocks: 
Partial Least Squares (PLS) and Canonical Correlation Analysis (CCA)

4. Unsupervised analysis with 𝑳-blocks: 
Regularized Generalized Canonical Correlation Analysis (RGCCA)

5. Supervised analysis with RGCCA

6. Variable selection in RGCCA: 
Sparse Generalized Canonical Correlation Analysis (SGCCA)

7. The flexible Optimization Framework of RGCCA

 The general principal
 Extension to multi-way analysis
 From Sequential to Global

1. ggg

2. The general principal
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Example of such data: Electro-EncephaloGrams. 
Idea of the Algorithm:

𝐗𝑙

𝐾𝑙

𝐗𝐿

𝐾𝐿

𝐽𝐿

𝐗1

𝐾1

𝐽1 max
𝐰1,…,𝐰𝐿



𝑘,𝑙=1

𝐿

𝑐𝑘𝑙 𝑔 Cov 𝐗𝑘𝐰𝑘 , 𝐗𝑙𝐰𝑙

s. t.

𝐰𝑙
⊤𝐌𝑙𝐰𝑙 = 1



𝑗=1

𝐽𝑙

𝑤𝑙𝑗 ≤ 𝑠𝑙
, 𝑙 = 1,… , 𝐿.

𝐰𝑙 = 𝐰𝑙
𝐾 ⊗𝐰𝑙

𝐽

Multiway Generalized Canonical Correlation Analysis (MGCCA)

49



𝑐1𝑙

𝑐𝑙𝐿

𝑐1𝐿

Example of such data: Electro-EncephaloGrams. 
Idea of the Algorithm:
1. Block Coordinate Ascent (BCA).
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Example of such data: Electro-EncephaloGrams. 
Idea of the Algorithm:
1. Block Coordinate Ascent (BCA).
2. MM principle: each update is a SVD of a specic matrix of size 𝐾𝑙 × 𝐽𝑙 .
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Example of such data: Electro-EncephaloGrams. 
Idea of the Algorithm:
1. Block Coordinate Ascent (BCA).
2. MM principle: each update is a SVD of a specic matrix of size 𝐾𝑙 × 𝐽𝑙 .

Global convergence of this algorithm was shown.
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1. Introduction of the case study

2. Unsupervised analysis with one-block: Principal Component Analysis (PCA)

3. Unsupervised analysis with two-blocks: 
Partial Least Squares (PLS) and Canonical Correlation Analysis (CCA)

4. Unsupervised analysis with 𝑳-blocks: 
Regularized Generalized Canonical Correlation Analysis (RGCCA)

5. Supervised analysis with RGCCA

6. Variable selection in RGCCA: 
Sparse Generalized Canonical Correlation Analysis (SGCCA)

7. The flexible Optimization Framework of RGCCA

 The general principal
 Extension to multi-way analysis
 From Sequential to Global

1. ggg

2. The general principal
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Where:

 𝐰𝑙
1
∈ ℝ𝐽𝑙 is a block-weight vector.

Optimization criterion: From Sequential to Global
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Cons:
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Kernel GCCA (Tenenhaus, Philippe and Frouin, 2015):
In order to take estimate non-linear links between blocks.
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Kernel GCCA (Tenenhaus, Philippe and Frouin, 2015):
In order to take estimate non-linear links between blocks.

Functional GCCA (Sort, Brusquet and Tenenhaus, 2023):
In order to handle longitudinal blocks.
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Kernel GCCA (Tenenhaus, Philippe and Frouin, 2015):
In order to take estimate non-linear links between blocks.

Functional GCCA (Sort, Brusquet and Tenenhaus, 2023):
In order to handle longitudinal blocks.

Multi-group (Tenenhaus and Tenenhaus, 2014; Goujon, In progress): 
Find relationships between variables within each group that are common to all groups.

55

RGCCA framework - State of the Art of the package

https://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=&ved=2ahUKEwi43Z_fsdKCAxUqVaQEHb-YDGUQqa4BegQIEBAA&url=https%3A%2F%2Fwww.researchgate.net%2Fprofile%2FEtienne-Camenen&usg=AOvVaw1EMC0g_08KtRYIAxqz1RVi&opi=89978449


Kernel GCCA (Tenenhaus, Philippe and Frouin, 2015):
In order to take estimate non-linear links between blocks.

Functional GCCA (Sort, Brusquet and Tenenhaus, 2023):
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Multi-group (Tenenhaus and Tenenhaus, 2014; Goujon, In progress): 
Find relationships between variables within each group that are common to all groups.

Missing Values in RGCCA (Peltier et al., 2023).
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